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Introduction

We are excited to welcome you to the 4th Workshop on Advances in Language and Vision Research
(ALVR), co-located with ACL 2026 and held on July 3, 2026, in San Diego, California.
ALVR provides a dedicated forum for research at the intersection of natural language processing and
computer vision. This year’s program features five invited talks from leading researchers, six spotlight
presentations, and twenty-three poster presentations, spanning a wide range of topics at the frontier of
language and vision research.
We received 47 submissions this year. After a thorough review process, we accepted 29 papers in total:
23 as archival papers and 6 through our non-archival track, which welcomes work concurrently under
submission or recently published elsewhere. The archival acceptance rate is approximately 49%. Each
submission received at least three reviews, with area chairs providing guidance to ensure the quality and
breadth of the final program. We thank our area chairs—Yue Fan, Syrielle Montariol, Alane Suhr, Xin
Eric Wang, and Qianqi Yan—for their careful deliberation, and all program committee members for their
thorough and timely reviews.
We are grateful to our five distinguished invited speakers: Raymond J. Mooney (University of Texas at
Austin), Lianhui Qin (UC San Diego), Amir Zadeh (Lambda Labs), Mohit Bansal (University of North
Carolina at Chapel Hill), and Jiajun Wu (Stanford University), for sharing their insights and inspiring the
community.
We gratefully acknowledge the generous support of our sponsor, Lambda Labs (Gold level), whose con-
tribution has been instrumental to the success of the workshop.
We extend our sincere thanks to all authors who submitted to ALVR 2026, and to all attendees for their
enthusiasm and participation. It is the community’s energy and commitment that makes this workshop a
rewarding venue for advancing research at the intersection of language and vision.

Qianqi Yan, Lead Organizer
Syrielle Montariol, Yue Fan, Jing Gu, Jiayi Pan, Manling Li, Parisa Kordjamshidi, Alane Suhr, and Xin
Eric Wang, Co-Organizers
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Thinking in Pictures: A Diagnostic Study of Visual vs. Textual
Chain-of-Thought Reasoning in Vision-Language Models

Ben Jenkins
PhD Candidate, Florida Atlantic University

benrossjenkins@gmail.com

Abstract

Chain-of-thought (CoT) reasoning has become
a standard technique for eliciting complex rea-
soning in large language models, and recent
work has extended it to vision-language mod-
els (VLMs). However, virtually all multimodal
CoT methods generate intermediate reasoning
steps in natural language, even for inherently
visual problems such as spatial reasoning, geo-
metric manipulation, and object tracking. We
ask a focused question: when does textual rea-
soning help or hurt a VLM, and does generat-
ing visual artifacts help because of the code or
because of the rendered image? We present
VISCOT-DIAG, a diagnostic benchmark of
1,200 instances across five visual reasoning
categories, and compare five CoT paradigms
across four VLMs. Our results characterize
a consistent modality gap: textual CoT de-
grades spatial transformation by up to 16.5%
and multi-object tracking by 12.7%, while vi-
sual CoT yields gains of up to 25.4%. A code-
only ablation (V-CoT-NF) recovers only 36%
of the V-CoT gain over T-CoT on spatial trans-
formation, indicating that the rendered image,
not code generation alone, drives most of the
improvement. We identify three failure modes
(spatial state collapse, transformation halluci-
nation, tracking loss) and show that adaptive
modality routing achieves 78.2% accuracy ver-
sus 74.0% for V-CoT-everywhere on this bench-
mark. We discuss the scope of these conclu-
sions and recommend practitioners use visual
CoT for spatial-transformation-heavy tasks and
textual CoT for compositional counting.

1 Introduction

Chain-of-thought (CoT) prompting has dramati-
cally improved the reasoning capabilities of large
language models by encouraging models to decom-
pose problems into intermediate steps before arriv-
ing at an answer (Wei et al., 2022; Kojima et al.,
2022). This paradigm has been extended to vision-
language models (VLMs), where multimodal CoT

methods generate textual rationales that incorpo-
rate information from both visual and linguistic
inputs (Zhang et al., 2024; Lu et al., 2022).

Recent benchmarks have already documented
that direct answering and naive textual CoT under-
perform on multimodal tasks requiring expert
knowledge or fine-grained visual grounding (Zhao
et al., 2025; Yue et al., 2025). A growing body of
work has advanced multimodal CoT through struc-
tured reasoning stages (Xu et al., 2025; Thawakar
et al., 2025), visual tool use (Hu et al., 2024; Wang
et al., 2025), and visualization of reasoning traces
(Wu et al., 2024). What is less studied, and what
we focus on here, is a more controlled question:
within visual reasoning, where exactly does textual
CoT help or hurt, and when visual CoT helps, is the
gain coming from code-based symbolic reasoning
or from the rendered image itself?

Consider the motivating example in Figure 1. A
model is shown a scene with colored shapes and
asked: “After rotating the red triangle 90° clock-
wise and reflecting the blue square horizontally, is
the triangle above or below the square?” Under
textual CoT, the model must verbally describe each
transformation and its spatial consequence, a pro-
cess that is error-prone because language lacks the
precision to faithfully encode continuous spatial
configurations. Under visual CoT, the model can
draw the transformed objects directly, producing a
visual representation that grounds subsequent rea-
soning. A natural objection is that V-CoT could be
“cheating” by delegating geometric computation to
a Python interpreter; we address this directly in §5
via a code-only ablation.

This phenomenon is consistent with cognitive-
science findings on mental rotation (Shepard and
Metzler, 1971), dual coding theory (Paivio, 1991),
and mental imagery (Kosslyn, 1995), though we
caution that VLM behavior need not mirror human
cognition.

We make three contributions. First, we introduce
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Q: After rotating the red triangle 90° clockwise and reflecting the
blue square horizontally, is the triangle above or below the square?

Input

T-CoT: “The red triangle
points up. Rotating 90° CW
makes it point... right. The
blue square reflected stays the
same shape. So the triangle is
above the square.”

above ✗

below ✓

Textual CoT

Visual CoT

Figure 1: Motivating example. Given a stated spatial-transformation question (top), textual CoT produces a plausible
but incorrect verbal trace (the model hallucinates the post-rotation spatial relationship), while visual CoT draws the
actual transformations and grounds the answer in the rendered image.

VISCOT-DIAG, a diagnostic benchmark of 1,200
instances spanning five visual reasoning categories
with fine-grained difficulty calibration (§3). Sec-
ond, we conduct a controlled comparison of five
CoT paradigms (direct, textual, structured textual,
visual, and visual-no-feedback) across four VLMs,
isolating not only the effect of reasoning modal-
ity but also whether visual gains stem from code
generation or from observing the rendered image
(§4–§5). Third, we document three failure modes
of textual CoT in visual domains and provide em-
pirical guidance for when each modality helps (§6).

We emphasize the scope of our claims: VISCOT-
DIAG comprises relatively simple, controlled vi-
sual tasks. Our findings should be read as a diagnos-
tic characterization on this controlled distribution
rather than a universal claim about visual reasoning
at large; we discuss this scope explicitly in §8.

2 Related Work

Textual Chain-of-Thought. Wei et al. (2022)
demonstrated that prompting LLMs to produce in-
termediate reasoning steps improves performance
on arithmetic, commonsense, and symbolic rea-
soning. Zero-shot variants achieve similar effects
without exemplars (Kojima et al., 2022). These
methods operate exclusively in natural language.

Multimodal Chain-of-Thought. Zhang et al.
(2024) proposed a two-stage framework separat-
ing rationale generation from answer inference. Lu
et al. (2022) showed that generating explanations
as CoT chains improves science QA. LLaVA-CoT
(Xu et al., 2025) structures reasoning into four tex-
tual stages and achieves strong results through su-

pervised fine-tuning. LlamaV-o1 (Thawakar et al.,
2025) introduces step-level evaluation. Composi-
tional CoT (Mitra et al., 2024) uses scene graphs as
intermediate textual representations. The common
thread is that intermediate reasoning is entirely tex-
tual.

Multimodal Benchmarks Highlighting CoT
Limits. Several recent benchmarks have already
shown that direct answering and naive textual CoT
struggle on knowledge-intensive or fine-grained
multimodal tasks. MMMU (Yue et al., 2024),
MMMU-Pro (Yue et al., 2025), MMStar (Chen
et al., 2024), and MMVU (Zhao et al., 2025) all
report large headroom for multimodal models, and
MMMU-Pro in particular documents brittleness of
textual reasoning when visual content is presented
in non-canonical formats. Our work is comple-
mentary: rather than expanding the difficulty of
multimodal benchmarks, we hold task complex-
ity controlled and ablate the reasoning paradigm,
asking when textual reasoning specifically helps or
hurts.

Visual Intermediate Representations.
Visualization-of-Thought (VoT) (Wu et al.,
2024) prompts LLMs to generate ASCII vi-
sualizations during spatial reasoning. Visual
Sketchpad (Hu et al., 2024) enables VLMs to
draw via code execution as part of an agentic
reasoning loop, achieving gains on math and
vision tasks. VisuoThink (Wang et al., 2025)
combines visual-textual interleaving with tree
search. The Visual CoT dataset (Shao et al., 2024)
contributes bounding-box annotations as interme-
diate grounding. Each of these demonstrates the
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value of visual reasoning in specific settings; we
provide a controlled paradigm comparison and,
importantly, a code-only ablation that disentangles
the contributions of code generation from visual
perception of the rendered output.

3 VISCOT-DIAG Benchmark

To systematically evaluate the effect of reasoning
modality, we construct VISCOT-DIAG, compris-
ing 1,200 problem instances organized into five
categories based on the dominant type of visual
reasoning required. Figure 2 provides an overview.

3.1 Reasoning Categories

Spatial Relation (SR). Tasks requiring judgment
about relative positions, orientations, and arrange-
ments of objects. We source from BLINK spatial
(Fu et al., 2024) and CLEVR (Johnson et al., 2017),
filtering for unambiguous ground truth.

Spatial Transformation (ST). Tasks requiring
mental manipulation of visual elements: rotation,
reflection, translation, and compositions thereof.
We construct synthetic instances using procedurally
generated 2D polygons (triangles, quadrilaterals,
pentagons, L-shapes) with controlled transforma-
tion parameters.

Multi-Object Tracking (MOT). Tasks requiring
the model to track positions or states of multiple
objects through a sequence of changes described
in natural language. Generated programmatically
using grid-world environments with 3 to 7 colored
shapes and 2 to 6 sequential movement instructions.

Compositional Counting (CC). Tasks requiring
identification, filtering, and counting of objects
based on conjunctions of visual attributes. Adapted
from CLEVR (Johnson et al., 2017) and GQA
(Hudson and Manning, 2019).

Geometric Reasoning (GR). Tasks involving
properties of geometric figures: computing angles,
identifying congruent shapes, reasoning about area
or perimeter, and applying geometric theorems.
Drawn from MathVista (Lu et al., 2024) geome-
try subsets plus synthetic instances.

3.2 Difficulty Calibration

Within each category, we calibrate difficulty along
category-specific axes. Easy: 1–2 reasoning steps
or 2–3 objects; Medium: 3–4 steps or 4–5 ob-
jects; Hard: 5+ steps or 6–7 objects. We validate

difficulty through pilot experiments with three hu-
man annotators, confirming monotonically decreas-
ing accuracy across levels (Easy: 94.2%, Medium:
81.7%, Hard: 63.4%).

4 Experimental Setup

4.1 CoT Paradigms
We compare five reasoning paradigms applied at
inference time via prompting, requiring no fine-
tuning. The fifth paradigm, V-CoT-NF, isolates
whether V-CoT gains stem from code generation
or from visual perception of the rendered output.
Figure 3 illustrates the paradigms.

Direct (D). The model receives image and ques-
tion, produces an answer.

Textual CoT (T-CoT). The model is prompted
to “think step by step” (Wei et al., 2022; Kojima
et al., 2022).

Structured Textual CoT (ST-CoT). The model
produces reasoning in four stages (summary, ob-
servation, reasoning, answer), mirroring Xu et al.
(2025) as a prompting strategy rather than a fine-
tuning objective.

Visual CoT, no feedback (V-CoT-NF). The
model is prompted exactly as in V-CoT to gen-
erate Python annotation code. The code is exe-
cuted silently and the resulting image is not re-
turned. The model must commit to an answer based
on its mental simulation of what the code would
have produced. If V-CoT-NF matches V-CoT, then
code generation alone explains V-CoT gains; if it
matches T-CoT, then visual perception of the ren-
dered image is essential.

Visual CoT (V-CoT). The model alternates be-
tween Act (generate annotation code) and Observe
(the rendered image is re-encoded and shown back
to the model), with up to five turns. Annotation
primitives include shapes, lines, arrows, text, and
affine transformations (rotation, reflection, transla-
tion), following Hu et al. (2024).

4.2 Models
We evaluate four VLMs spanning closed-source
frontier and open-weight large-scale: GPT-5 (Ope-
nAI, 2025), Claude Opus 4.6 (Anthropic, 2026),
Gemini 2.5 Pro (Gemini Team, Google DeepMind,
2025), and Qwen3-VL-72B (Bai et al., 2025). All
use greedy decoding (temperature 0) for repro-
ducibility.

3



VISCOT-DIAG: Five Diagnostic Reasoning Categories

Spatial Relation
“Is A left of B?”
“Which is clos-

est to C?”

Spatial Transform
“Rotate 90°, which

direction does it point?”

Multi-Object
Tracking

“After moves, where
is each shape?”

Compositional
Counting

“How many large
red spheres left
of the cube?”

Geometric
Reasoning

“Find angle α given
these constraints.”

Difficulty: Easy Medium Hard
80 instances per difficulty
× 3 levels × 5 categories = 1,200 total

Sources: BLINK spatial (Fu et al., 2024) · CLEVR (Johnson et al., 2017) · GQA (Hudson and Man-
ning, 2019) · MathVista geometry (Lu et al., 2024) · Procedurally generated synthetic instances

Figure 2: Overview of the VISCOT-DIAG benchmark. Five categories target distinct visual reasoning abilities, with
three difficulty levels per category. Instances are sourced from existing benchmarks and procedural generation.

Direct (D)

Input: Image + Q

Output: Answer

T-CoT

Input: Image + Q +
“step by step”

Reason: “First...
then...”

Output: Text → An-
swer

ST-CoT

Input: Image + Q +
template

1. SUMMARY

2. OBSERVATION

3. REASONING

4. ANSWER

V-CoT-NF

Input: Image + Q +
“draw to reason”

Act: Generate code

Hidden: render not
shown

Output: Answer

V-CoT

Input: Image + Q +
“draw to reason”

Act: Generate code

Observe: re-encode
render

Output: Answer

loop

No reasoning Text only Structured text Code only,
no render

Code + render
(multi-turn)

Figure 3: The five CoT paradigms compared in our study. Direct produces an answer in one pass. T-CoT generates
a free-form reasoning chain. ST-CoT follows a four-stage template mirroring Xu et al. (2025). V-CoT-NF generates
the same drawing code as V-CoT but the rendered image is not returned to the model, isolating the contribution of
code generation. V-CoT alternates between code generation and observing the updated image, following Hu et al.
(2024).

4.3 Evaluation Metrics

All tasks use exact-match accuracy against
ground truth. For free-form numeric answers (GR),
we allow ±1% tolerance. We additionally report
premise-conclusion consistency (PCC), the frac-
tion of instances where the model’s final answer is
logically entailed by its own reasoning steps, as-
sessed by a Claude Opus 4.6 judge (we verified
92% agreement with a Gemini 2.5 Pro judge on
a 100-instance subset). Annotation quality (AQ)
for V-CoT and V-CoT-NF measures whether gen-
erated visualizations are semantically meaningful
(assessed on the executed render even when not
shown to the model).

5 Results

5.1 Main Results

Table 1 reports accuracy across all five categories
and five paradigms, averaged over the four VLMs.

The V-CoT-NF column lets us decompose the V-
CoT gain into a code-generation contribution and a
visual-feedback contribution.

Three observations emerge. First, T-CoT de-
grades performance on ST (−16.5) and MOT
(−12.7). Notably, T-CoT’s category-level wins on
CC and GR (+16.8 and +13.8) are almost exactly
offset by its ST and MOT losses: on average across
visual reasoning, T-CoT provides essentially no
benefit over direct answering (57.3 vs. 56.1). Sec-
ond, V-CoT provides consistent gains across all
categories except CC (+12 to +25). Third, V-CoT-
NF produces partial gains: on ST it recovers from
−16.5 (T-CoT) to −1.4 (essentially matching Di-
rect), and on GR it captures most of the V-CoT
improvement. The remaining gap between V-CoT-
NF and V-CoT is largest on ST (26.5 points) and
MOT (19.4), the categories where tracking visual
state matters most.
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Category Direct T-CoT ST-CoT V-CoT-NF V-CoT Best ∆ vs. D

Spatial Relation (SR) 66.1 70.4 +4.3 72.0 +5.9 69.0 +2.9 78.2 +12.1 +12.1 (V-CoT)
Spatial Transformation (ST) 51.7 35.2 -16.5 38.1 -13.6 50.3 -1.4 76.8 +25.1 +25.1 (V-CoT)
Multi-Object Tracking (MOT) 59.0 46.3 -12.7 50.3 -8.7 53.6 -5.4 73.0 +14.0 +14.0 (V-CoT)
Compositional Counting (CC) 55.9 72.7 +16.8 74.7 +18.8 68.8 +12.9 68.4 +12.5 +18.8 (ST-CoT)
Geometric Reasoning (GR) 48.0 61.8 +13.8 63.8 +15.8 64.0 +16.0 73.4 +25.4 +25.4 (V-CoT)

Average 56.1 57.3 59.8 61.1 74.0 +17.8 (V-CoT)

Table 1: Accuracy (%) averaged across four VLMs on VISCOT-DIAG. Colors indicate change relative to Direct
(green: improve; red: decline). Textual CoT degrades performance on ST and MOT; Visual CoT provides consistent
gains. V-CoT-NF, which executes the same drawing code as V-CoT but hides the render from the model, sits between
T-CoT and V-CoT on spatial tasks, though on CC it underperforms T-CoT. Best result per category is bolded.

5.2 Decoupling Code Generation from Visual
Feedback

The V-CoT-NF ablation directly addresses the con-
cern that V-CoT might be “cheating” by delegating
geometric computation to a Python interpreter. If
so, V-CoT-NF (which runs the same code) should
match V-CoT, since the interpreter performs identi-
cal computation either way. The data does not sup-
port that interpretation. On ST, V-CoT-NF reaches
50.3% versus 76.8% for V-CoT and 35.2% for T-
CoT, recovering only 36% of the V-CoT gain over
T-CoT. On MOT, V-CoT-NF recovers 27% of the
gain.

We interpret this as evidence that the rendered
image carries information the model cannot re-
construct from the code alone. Generating draw-
ing code does provide a measurable benefit on its
own, likely because writing code to draw forces
the model to commit to precise spatial coordinates,
but the act of seeing the rendered configuration
provides additional accuracy that code-based simu-
lation cannot fully replace. This is consistent with
the rendered image functioning as an external vi-
suospatial scratchpad against which the model can
verify or correct its mental simulation.

The pattern also clarifies where code gener-
ation is most useful in isolation. On GR, V-
CoT-NF achieves +16.0 over Direct, recovering
63% of V-CoT’s gain. Geometric reasoning in-
volves angle and length computations that benefit
from explicit symbolic structure (declaring vari-
ables, applying formulas), and much of this ben-
efit transfers without visual feedback. On ST, by
contrast, the symbolic structure of the code (an
img.rotate(-90) call) does not by itself dis-
ambiguate the spatial outcome; the model needs
to see the result. On CC, V-CoT-NF (68.8%) actu-
ally underperforms T-CoT (72.7%) by 3.9 points:
when the task rewards arithmetic and attribute fil-

GPT-5
Claude Opus 4.6

Gemini 2.5 Pro
Qwen3-VL

20

40

60

80

A
cc

ur
ac

y
(%

)

Spatial Transformation (ST)

Direct T-CoT ST-CoT V-CoT-NF V-CoT

Figure 4: Per-model accuracy on Spatial Transforma-
tion. T-CoT (orange) decreases accuracy below Direct
(gray) for every model. V-CoT-NF (purple) approaches
Direct-level performance; only V-CoT with the rendered
image (blue) produces the large gains. The pattern is
consistent across all four VLMs.

tering, tokens spent producing drawing code that
the model cannot see appear to displace tokens that
would otherwise be used for symbolic decomposi-
tion.

5.3 Per-Model Results

Figure 4 disaggregates ST results by model across
all five paradigms. The pattern is consistent across
all four VLMs.

GPT-5 achieves the largest V-CoT gains on ST
(+43.0 over T-CoT), likely because its code gen-
eration produces higher-quality annotations. The
V-CoT vs. V-CoT-NF gap is also model-dependent:
28.5 for GPT-5, 27.2 for Claude Opus 4.6, 27.0 for
Gemini 2.5 Pro, and 23.4 for Qwen3-VL. Models
that benefit more from rendered feedback may also
have stronger visual encoders, though we do not
measure encoder quality directly.
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Difficulty T-CoT V-CoT-NF V-CoT ∆ (V−T)

Spatial Transformation

Easy 54.8 65.7 75.2 +20.4
Medium 33.1 52.0 82.2 +49.1
Hard 17.7 33.2 73.0 +55.3

Compositional Counting

Easy 84.9 80.9 72.8 −12.1
Medium 71.7 69.1 68.0 −3.7
Hard 61.4 56.4 64.5 +3.1

Table 2: Accuracy (%) by difficulty level (averaged
across models). On ST, the V-CoT-NF row shows that
code generation alone is competitive at Easy difficulty
but collapses on Hard chains (33.2% versus 73.0% for
V-CoT). Visual feedback is what makes V-CoT robust
to chain length.

Adaptive Routing. A DistilBERT classifier that
selects T-CoT vs. V-CoT per question achieves
78.2% average accuracy versus 74.0% for V-CoT-
everywhere and 57.3% for T-CoT-everywhere on
this benchmark (84.7% routing accuracy; see Ap-
pendix D). Question-level modality routing is fea-
sible and beneficial.

5.4 Scaling with Difficulty

Table 2 shows how the modality gap interacts with
task difficulty. On ST, the V-CoT vs. T-CoT gap
widens from 20.4 points at Easy to 55.3 points
at Hard. T-CoT errors compound with each addi-
tional transformation. Notably, at Hard difficulty
T-CoT accuracy on ST falls to 17.7%, well be-
low the 50% chance baseline for binary spatial
questions: T-CoT is not merely failing to help but
is producing systematically wrong answers. We
attribute this to a salience-anchoring bias under
uncertainty: when the model cannot resolve a trans-
formation’s outcome verbally, it tends to default to
the most prominent spatial relation described ear-
lier in the chain rather than tracking the cumulative
state. The V-CoT-NF row shows that code-only
reasoning also degrades at Hard difficulty (from
65.7 at Easy to 33.2 at Hard), indicating that the
code-based component of V-CoT is not robust to
long transformation chains; visual feedback is what
stabilizes performance.

5.5 Annotation Quality

For V-CoT, annotation quality (AQ) varies across
models: GPT-5 produces semantically correct an-
notations 89.4% of the time, followed by Claude
Opus 4.6 (85.7%), Gemini 2.5 Pro (83.6%), and

Qwen3-VL-72B (78.1%). Conditioning on AQ: V-
CoT accuracy on instances with correct annotations
is 79.6%, compared to 42.8% on instances with
incorrect annotations. V-CoT-NF accuracy under
correct annotations is 64.3% versus 53.7% under
incorrect annotations. The gap between V-CoT and
V-CoT-NF is largest precisely when annotations
are correct (15.3 points), confirming that the model
is reading correct visual content from the rendered
image, not just benefiting from the structuring ef-
fect of code.

6 Analysis: Failure Modes of Textual CoT

Through qualitative analysis of 200 error cases
(stratified by category and model, where T-CoT
underperforms), we identify three recurring failure
modes. Two annotators achieved 89% agreement
on failure mode labels (Fleiss’ κ = 0.82). Figure 5
illustrates each mode.

6.1 Spatial State Collapse

When reasoning about spatial relationships across
multiple steps, textual representations progres-
sively lose spatial fidelity. The model may cor-
rectly describe pairwise relationships in isolation
but fail to maintain a globally consistent spatial
configuration. PCC on SR tasks degrades sharply
with object count for T-CoT (91.2% with 2 objects
to 51.3% with 5+) while V-CoT remains stable
(94.8% to 84.7%); see Figure 6. Notably, V-CoT-
NF tracks T-CoT closely on this metric (89.7% to
56.4%), indicating that the rendered visual layout,
not the act of writing code, is what stabilizes spatial
consistency.

6.2 Transformation Hallucination

Asked to predict the result of spatial transfor-
mations, T-CoT frequently produces plausible-
sounding but incorrect descriptions. On multi-step
transformation chains,1 T-CoT accuracy is 18.3%
while V-CoT maintains 61.7%. Even single-step
transformations suffer: T-CoT 44.1% versus V-CoT
76.2%. V-CoT-NF on the same chains reaches
38.5%, confirming that the rendered output con-
tributes substantively beyond what code generation
alone provides.

1Multi-step here means transformation chains of length ≥
2, partially overlapping but not identical to the Hard difficulty
stratum in Table 2.
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(a) Spatial State Collapse

T-CoT trace:
“A is above B. ✓
B is left of C. ✓
C is below D. ✓
∴ A is right of D.” ✗

Loses global spatial layout after 3+
relations.

V-CoT: Draws all objects on anno-
tated grid. Spatial layout is explicit
in the image. ✓

fix

(b) Transformation Hallucination

T-CoT trace:
“Rotating the L-shape 90° CW... the
long arm now points right.” ✗

Should point down. Verbal descrip-
tion diverges from actual geometry.

V-CoT: Executes
img.rotate(-90) and observes
the result. No room for hallucina-
tion. ✓

fix

(c) Multi-Object Tracking Loss

T-CoT trace:
“Red moves right → (3,2). ✓
Blue moves up → (1,3). ✓
Green moves left → ...
Red is now at (1,3).” ✗
Swapped Red and Blue.

V-CoT: Updates each position on
the image. Visual state serves as
external memory. ✓

fix

Figure 5: Three failure modes of textual CoT on visual reasoning tasks, and how visual CoT resolves each. (a)
Spatial State Collapse. (b) Transformation Hallucination. (c) Tracking Loss.
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Figure 6: Premise-conclusion consistency on Spatial
Relation tasks by object count. T-CoT and V-CoT-NF
degrade similarly; only V-CoT (with rendered feedback)
maintains consistency.

6.3 Multi-Object Tracking Loss

When tracking multiple objects through sequential
state changes, T-CoT must maintain a verbal ledger.
We observe two sub-patterns on 5-object instances:
identity confusion (T-CoT 34.7% vs. V-CoT 8.2%)
and update omission (T-CoT 22.1% vs. V-CoT
5.4%). V-CoT-NF rates fall between (identity con-
fusion 26.3%, update omission 17.8%): code struc-
ture helps somewhat but cannot replace external
visual memory.

6.4 Failure Mode Distribution

Table 3 reports failure mode frequency across er-
ror cases. Spatial state collapse dominates SR er-
rors, transformation hallucination dominates ST,
and tracking loss dominates MOT. These modes
are rare on CC, where T-CoT errors stem from
counting mistakes and attribute misidentification.

7 Discussion

Are VLMs Actually “Thinking in Pictures”? A
reasonable concern is that V-CoT might not consti-
tute visual reasoning at all: the model writes code,

Category State Trans. Track.
Collapse Halluc. Loss

SR 48.3% 12.1% 6.9%
ST 15.7% 61.4% 8.6%
MOT 22.8% 5.3% 57.9%
CC 8.2% 3.1% 2.7%
GR 18.6% 38.4% 4.3%

Table 3: Failure mode frequency in T-CoT errors. Each
cell shows the share of errors attributed to each mode;
rows need not sum to 100%.

and the Python interpreter performs the geomet-
ric computation. The V-CoT-NF ablation directly
addresses this. If V-CoT were pure delegation, V-
CoT-NF (which runs identical code but hides the
result) would match V-CoT, since the interpreter
does the same work either way. Instead, V-CoT-NF
underperforms V-CoT by 26.5 points on ST and
19.4 points on MOT. The model is reading informa-
tion off the rendered image that it cannot recover
from the code alone. We note that “thinking in
pictures” here is external (a PNG buffer the model
perceives via its visual encoder), not internal latent
visual reasoning. Whether internal latent visual
reasoning is achievable, and how it would compare
to external rendering, is a question for future work.

When to Think in Words vs. Pictures. On this
benchmark, tasks toward the spatial end (ST, MOT)
are best served by V-CoT, tasks toward the sym-
bolic end (CC) by T-CoT, and tasks blending both
(SR, GR) by V-CoT with meaningful T-CoT gains
as well (Figure 7).

Recommendations for Practitioners. (1) Avoid
blindly adding “think step by step” to spatial rea-
soning prompts; on our controlled tasks it hurts
ST (−16.5) and MOT (−12.7). (2) For spatial
tasks, V-CoT requires both code generation and
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Spatial Symbolic

ST MOT SR GR CC

V-CoT preferred T-CoT preferredHybrid

Figure 7: Taxonomy of VISCOT-DIAG categories along
the spatial-symbolic axis. Tasks requiring spatial state
maintenance favor V-CoT; tasks requiring symbolic de-
composition favor T-CoT.

the rendered observation to deliver large gains; ei-
ther alone is insufficient. (3) For compositional
counting, T-CoT or ST-CoT is preferable. (4) Con-
sider adaptive routing: a simple classifier achieves
78.2% versus 74.0% for V-CoT-everywhere on this
benchmark while reducing average cost.

Cost-Accuracy Tradeoff. V-CoT consumes
3.2× more tokens than T-CoT and requires a sec-
ond image encoder pass per turn. For ST and MOT,
the 25- to 40-point improvement over T-CoT easily
justifies the cost; for CC, it does not. V-CoT-NF re-
moves the second encoder pass and is thus cheaper
than V-CoT, but its substantially lower accuracy on
the spatial categories means it is rarely the right
default.

Relation to Prior Multimodal Benchmarks.
Our findings are complementary to MMVU (Zhao
et al., 2025) and MMMU-Pro (Yue et al., 2025),
which document that direct answering and naive
textual CoT struggle on complex multimodal tasks.
We do not claim novelty on whether CoT struggles
in multimodal settings; that is established. Our
contribution is a controlled paradigm comparison
(including a code-only ablation) on a deliberately
simple, diagnostic distribution where the failure
modes can be cleanly attributed and counted.

8 Limitations

Several scope conditions on our claims are worth
stating explicitly.

Task simplicity. VISCOT-DIAG comprises rela-
tively simple, controlled visual tasks (2D shapes,
grid worlds, CLEVR-style scenes). This is inten-
tional, since simple tasks support cleaner attribu-
tion of failure modes, but it means our findings
should not be read as a general claim about visual
reasoning in the wild. Tasks requiring deeper se-
mantic reasoning, real-world visual complexity, or
multi-disciplinary expert knowledge (as in MMVU

and MMMU-Pro) may show different patterns; we
phrase our claims accordingly throughout.

Code generation as confound. V-CoT relies on
the model’s code generation ability. Weaker code
generators produce incorrect annotations that mis-
lead reasoning. Our V-CoT-NF ablation partially
decouples code generation from visual perception,
but the absolute level of V-CoT performance still
depends on code quality. Future work could pro-
vide oracle annotations to fully isolate the effect of
visual feedback.

2D, English-only, synthetic. VISCOT-DIAG fo-
cuses on 2D reasoning with synthetic and semi-
synthetic images and English prompts. Real-world
photographs introduce occlusion, ambiguity, and
lighting variation that may interact differently with
reasoning modality. Languages with different spa-
tial reference frames may also yield different pat-
terns.

External vs. internal visual reasoning. V-CoT
uses external code execution with a 5-turn limit.
Whether similar benefits can be achieved through
internal latent visual representations remains an
open question.

Failure mode taxonomy. Our three failure
modes (state collapse, transformation hallucina-
tion, tracking loss) are empirically grounded but
not exhaustive. Other patterns may emerge with
different task distributions or model architectures.

9 Conclusion

We presented a controlled diagnostic study of
textual versus visual chain-of-thought reasoning
in vision-language models on VISCOT-DIAG, a
benchmark of 1,200 simple visual tasks. On this
distribution, textual CoT degrades performance on
spatial transformation (−16.5%) and multi-object
tracking (−12.7%) relative to direct answering,
while visual CoT yields gains up to +25.4%. A
code-only ablation (V-CoT-NF) shows that code
generation alone recovers only 36% of V-CoT’s
gain over T-CoT on spatial transformation: most of
the benefit comes from the rendered image, not
from delegating computation to a Python inter-
preter. We documented three failure modes (spa-
tial state collapse, transformation hallucination,
tracking loss) and showed that adaptive modality
routing achieves 78.2% versus 74.0% for V-CoT-
everywhere. We encourage practitioners to think of
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reasoning modality as a per-task design choice on
visual tasks rather than a universal default, while
noting that our claims hold on this controlled dis-
tribution and may not transfer to richer real-world
visual tasks.
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A Prompt Templates

We provide the full prompt templates used for each
CoT paradigm below. All prompts are preceded by
the task-specific image, passed as the first content
block in the multimodal message.

Direct (D).
“Look at the image and answer the following ques-
tion. Provide only the final answer with no expla-
nation.\n\nQuestion: {question}\n\nAnswer:”

Textual CoT (T-CoT).
“Look at the image and answer the following
question. Think step by step, explaining your
reasoning carefully before giving your final an-
swer.\n\nQuestion: {question}\n\nLet me think
through this step by step:”

Structured Textual CoT (ST-CoT).
“Look at the image and answer the following ques-
tion. Structure your response using the following
format:\n\nSUMMARY: Briefly state what you
need to determine.\nOBSERVATION: Describe
the relevant visual content you see in the im-
age.\nREASONING: Work through the problem
step by step, explaining your logic.\nANSWER:
State your final answer clearly.\n\nQuestion:
{question}”

Visual CoT, no feedback (V-CoT-NF).
“You have access to a Python environment with
PIL/Pillow for image manipulation. The input
image is loaded as img. To reason about this
question, write Python code to annotate the image
with helpful visual aids. Note: the rendered
output of your code will not be shown back
to you. You must reason about what your
code would produce and answer based on
that mental simulation.\n\nAvailable draw-
ing primitives: draw.rectangle(),
draw.line(), draw.polygon(),
draw.ellipse(), draw.text(), and
affine transformations via img.rotate()
and img.transpose().\n\nQuestion:
{question}”

Visual CoT (V-CoT).
“You have access to a Python environment
with PIL/Pillow for image manipulation. The
input image is loaded as img. To reason about
this question, write Python code to annotate
the image with helpful visual aids such as
bounding boxes, arrows, highlighted regions,
auxiliary lines, or transformed shapes. After
each annotation step, the updated image will be
shown to you. Observe the result and continue
reasoning. When you are confident in your
answer, state it clearly.\n\nAvailable draw-
ing primitives: draw.rectangle(),
draw.line(), draw.polygon(),
draw.ellipse(), draw.text(), and
affine transformations via img.rotate()
and img.transpose().\n\nQuestion: {ques-
tion}\n\nBegin by examining the image and
deciding what to draw first:”

For V-CoT, the multi-turn pipeline operates as
follows: (1) the model generates a code block; (2)
the code is executed in a sandboxed Python envi-
ronment with the current image; (3) the resulting
annotated image is re-encoded and sent back to
the model; (4) the model generates either another
code block or a final answer. We allow up to 5
annotation turns. V-CoT-NF uses the same pipeline
except step (3) is omitted; the executed image is
recorded for offline AQ scoring but is not returned
to the model.

B Benchmark Construction Details

Spatial Relation (SR). 120 instances from
BLINK (Fu et al., 2024) spatial split + 120 from
CLEVR (Johnson et al., 2017). Difficulty: Easy
(2–3 objects), Medium (4–5), Hard (6+).

Spatial Transformation (ST). Procedurally gen-
erated 2D shapes with controlled transformation
parameters (rotations of 90/180/270 degrees, hori-
zontal/vertical reflections). Easy: one transforma-
tion. Medium: two. Hard: three or more. Ground
truth computed analytically.

Multi-Object Tracking (MOT). 8×8 grid
worlds. Easy: 3 objects, 2 moves. Medium: 4–5
objects, 3–4 moves. Hard: 6–7 objects, 5–6 moves.
Ground truth from movement replay.

Compositional Counting (CC). CLEVR and
GQA instances requiring multi-attribute filtering
with spatial qualifiers. Counts 0–7. Difficulty by at-
tribute filter count: Easy (1–2), Medium (3), Hard
(4+).

Geometric Reasoning (GR). 120 from Math-
Vista geometry plus 120 synthetic. Difficulty by
reasoning chain length: Easy (1–2), Medium (3–4),
Hard (5+).

All synthetic instances use deterministic random
seeds. Human validation on 10% stratified sample
(120 instances, 3 annotators): 96.7% agreement
with ground truth, Fleiss’ κ = 0.91.

C Full Per-Model Results

Table 4 presents the complete per-model, per-
category, per-paradigm breakdown.

D Adaptive Routing Preliminary
Experiment

Using a fine-tuned DistilBERT model with 5-fold
cross-validation on the 1,200 instances:
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Model Paradigm SR ST MOT CC GR Avg.

GPT-5

Direct 70.2 53.6 62.4 59.1 51.8 59.4
T-CoT 75.4 38.7 50.6 77.8 67.2 61.9
ST-CoT 77.0 41.5 54.7 79.6 69.1 64.4
V-CoT-NF 73.1 53.2 56.3 73.4 68.5 64.9
V-CoT 83.1 81.7 77.4 72.3 78.6 78.6

Claude Opus 4.6

Direct 67.8 52.4 60.2 56.7 49.3 57.3
T-CoT 73.6 36.2 47.8 75.4 65.1 59.6
ST-CoT 75.2 39.4 52.1 77.3 67.0 62.2
V-CoT-NF 70.8 51.7 54.6 71.2 65.7 62.8
V-CoT 80.4 78.9 75.0 69.7 75.8 75.9

Gemini 2.5 Pro

Direct 65.3 51.8 58.7 55.2 47.1 55.6
T-CoT 68.4 34.5 45.2 70.6 59.3 55.6
ST-CoT 70.1 37.6 49.5 73.2 61.5 58.4
V-CoT-NF 68.6 49.4 53.0 67.4 61.8 60.0
V-CoT 76.7 76.4 72.0 67.4 71.6 72.8

Qwen3-VL-72B

Direct 60.9 49.1 54.5 52.4 43.8 52.1
T-CoT 64.2 31.2 41.5 66.9 55.4 51.8
ST-CoT 65.8 33.8 44.9 68.5 57.6 54.1
V-CoT-NF 63.5 46.8 50.3 63.2 60.1 56.8
V-CoT 72.4 70.2 67.7 64.0 67.5 68.4

Table 4: Full per-model results on VISCOT-DIAG. V-CoT achieves the highest average for every model. T-CoT
degrades ST and MOT universally. V-CoT-NF sits between T-CoT and V-CoT on spatial categories, isolating the
contribution of code generation from rendered visual feedback. Best per model-category (excluding CC) is bolded.

Strategy Avg. Accuracy (%)

T-CoT everywhere 57.3
ST-CoT everywhere 59.8
V-CoT-NF everywhere 61.1
V-CoT everywhere 74.0

Adaptive router (T vs. V) 78.2
Oracle routing 81.5

Table 5: Adaptive routing results. The router achieves
78.2%, outperforming the best single paradigm (V-CoT,
74.0%) by 4.2 points.

The router achieves 84.7% routing accuracy. Or-
acle routing (always choosing the better paradigm
per instance) achieves 81.5%. Our router recovers
78.2% of this bound. The 3.3-point gap suggests
room for improvement, potentially through mul-
timodal routing that considers the image as well
as the question text. We did not include V-CoT-
NF as a routing target because it is rarely the best
paradigm for any instance type; future work could
explore three-way routing including V-CoT-NF as
a cost-aware fallback.

E V-CoT and V-CoT-NF Annotation
Examples

High-quality (ST). The model generates code
to draw the original shape in solid fill, then draws
the rotated version with a dashed outline and a

curved rotation arrow, labeling both states. Under
V-CoT the model observes this rendering and an-
swers correctly. Under V-CoT-NF the model wrote
the same code but answered based on its expecta-
tion of the rendering; on this particular instance
both succeeded, but accuracy on similar instances
diverges (V-CoT 81.7% vs. V-CoT-NF 53.2% on
ST for GPT-5).

Medium-quality (GR). The model draws auxil-
iary lines and labels angles. The spatial structure is
interpretable. V-CoT and V-CoT-NF perform simi-
larly on GR (78.6 vs. 68.5 for GPT-5), the smallest
gap among spatial-leaning categories, consistent
with GR benefiting more from the symbolic struc-
ture of the code than from the rendered visual itself.

Low-quality (MOT). The model draws bound-
ing boxes around objects but fails to update posi-
tions after described movements. Under V-CoT
this leads to incorrect answers; under V-CoT-NF
the model never sees the (incorrect) render but still
answers from its mental simulation, which exhibits
the same tracking loss failure mode.
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Abstract

The rapid evolution of text-to-image genera-
tion has blurred the perceptual boundary be-
tween natural and synthetic imagery. However,
it remains questionable whether the statistical
structure of generated visual content mirrors
the information density of the physical visual
world. Drawing upon principles from statisti-
cal linguistics, this study investigates the visual
language of generative models through the lens
of Zipfian dynamics. By analyzing a large-
scale corpus of real and synthetic images, we
uncover a fundamental divergence between vi-
sual syntax and semantics. We find that while
generative models have successfully replicated
the low-level physics of light, their high-level
texture vocabulary exhibits distinct statistical
signatures. Our analysis reveals a spectrum of
entropy, identifying architectural fingerprints
unique to each model. Furthermore, we investi-
gate the relation ship between generated images
and prompt complexity, and find that increasing
the semantic specificity of text prompts system-
atically degrades the statistical realism of the
generated output.

1 Introduction

The field of computer vision has witnessed a
paradigm shift with the advent of diffusion-based
text-to-image generation. State-of-the-art image
generation models have largely surmounted the
previous hurdles of synthetic imagery, and the typi-
cal artifacts such as malformed hands, incoherent
lighting, or surreal geometry are vanishing at a
rapid pace. As these systems achieve photorealis-
tic fidelity, the perceptual boundary between nat-
ural photography and synthetic media is eroding,
rendering traditional, artifact-based forensic meth-
ods increasingly obsolete. However, the ability to
clone the appearance of reality does not necessar-
ily equate to replicating the underlying stochastic
processes that govern the natural world.

This divergence prompts a fundamental question:
does the generative process leave an invisible statis-
tical fingerprint? While a generated image may be
indistinguishable from a photograph to the human
eye, it is ultimately the product of a mathematical
optimization process of denoising trajectory guided
by a text encoder, rather than a physical capture
of photons interacting with matter. We posit that
natural images, like natural language, possess a hi-
erarchical statistical structure governed by univer-
sal laws of information density and entropy, as has
been suggested by the pioneering works on analyz-
ing statistical behavior of visual data with linguistic
laws (Ruderman, 1996; Crosier and Griffin, 2007;
Chan et al., 2024; Tsai et al., 2025), which directly
inspire our work in this paper. If generative mod-
els are fundamentally statistical mimics, they may
inadvertently suppress the chaotic, heavy-tailed en-
tropy characteristic of the physical world in favor
of cleaner, more probable visual patterns.

In this paper, we use these linguistic principles
to audit the visual language of generative AI. We
analyze a large-scale corpus of 50,000 images, strat-
ified across real photography and state-of-the-art
generative models. We employ a dual-tokenization
strategy, separating visual physics (low-level edges)
from texture vocabulary (high-level visual words).

Our contributions are threefold. 1) We demon-
strate a dissociation between syntax and semantics:
while AI models have effectively solved the Zipfian
statistics of low-level features, they diverge signif-
icantly in their texture vocabulary, following log-
normal rather than pure power law dynamics. 2)
We also identify a spectrum of entropy that finger-
prints model architecture, ranging from the artifi-
cially ordered, low-entropy distributions to the real,
chaotic statistics. 3) We uncover its relevance to
prompt complexity, providing empirical evidence
that increasing the semantic specificity of a text
prompt acts as an entropy constraint, degrading the
statistical realism of the generated output.
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2 Related Work

The inquiry into the statistical structure of natural
scenes was pioneered by (Ruderman, 1996), who
proposed that the scale-invariance of natural im-
ages arises because the visual world is a collage of
statistically independent objects following a power-
law size distribution. Building on this foundation,
(Crosier and Griffin, 2007) formalized the anal-
ogy between vision and language. They defined
an basic image features (BIFs), classifying pixels
into geometric primitives like edges and blobs, and
treated n × n patches of these features as visual
words. They demonstrated that, for specific pa-
rameter settings, these visual words strictly obey
Zipf’s Law (Zipf, 1932), arguing that this distri-
bution represents an optimally efficient code for
object recognition, analogous to the efficiency of
natural language.

Recent research has extended these findings
from hand-crafted features to the learned represen-
tations of deep neural networks. (Tsai et al., 2025)
utilized the kernels of pre-trained CNNs such as
VGG-19 (Simonyan and Zisserman, 2014) to de-
fine visual words based on activation intensity. By
analyzing layer-wise statistics, they confirmed that
not only Zipf’s Law but also Heaps’ Law (Heaps,
1978) with vocabulary growth and Benford’s Law
(Benford, 1938) with leading digit distribution also
emerge in the visual words. Their findings sug-
gest a correspondence between the evolution of
visual symbols in deep networks and the structure
of human language.

With the advent of autoregressive vision trans-
formers, (Chan et al., 2024) provided a compre-
hensive audit of discrete visual languages, such as
tokens in LLaVA (Liu et al., 2023) and Chameleon
(Team et al., 2024). While they confirmed that
discrete visual tokens follow Zipfian distributions,
they identified critical structural differences from
NLP: visual languages exhibit higher perplexity,
weaker hierarchical grammar, and a tendency for
tokens to represent intermediate granularity such as
object parts, rather than semantic wholes. Crucially,
their work focused on the properties of the internal
representation of real images, whereas our work
investigates the statistical realism of the generative
output produced by diffusion models.

3 Methodology

To compare the statistical properties of real vs. AI
imagery, we employ a dual-tokenization strategy,

analyzing both low-level features (physics) and
high-level textures (semantics).

3.1 Feature Extraction Strategy

Basic Image Features (BIFs): To capture the low-
level structure of the image (edges, blobs, flat re-
gions), we compute BIF maps. Following (Crosier
and Griffin, 2007), we compute the response of the
image I to a bank of Gaussian derivative filters up
to the second order at scale σ:

snm = σn+m ·
(

∂n+m

∂xn∂ym
Gσ

)
∗ I (1)

Pixels are classified into one of 7 symmetry classes
(flat, slope, dark blob, light blob, dark line, light
line, saddle) based on the invariant properties of the
local jet. This tokenization represents the "syntax"
of the visual world, i.e. the fundamental rules of
geometry and contrast.

Vector Quantization (VQ): To capture complex
textures (e.g., fur, grass, fabric), we employ vector
quantization. We extract non-overlapping 4 × 4
pixel patches pi from all images. We learn a shared
vocabulary V = {v1, ..., vK} of size K = 512
using mini-batch K-means on a mixed sample of
real and synthetic patches to establish a statistically
neutral, unified basis for comparison. Each patch
is then assigned to its nearest visual word:

wi = argmin
k
||pi − vk||22 (2)

This creates a discrete "document" of visual words
for every image, allowing us to analyze the diver-
sity and repetition of textures.

3.2 Statistical Analysis

We fit the frequency distribution of tokens to a
discrete power law distribution:

P (x) = Cx−α, x ≥ xmin (3)
where α is the scaling parameter and xmin is the
lower bound of the power-law behavior. We use
the Kolmogorov-Smirnov distance to estimate xmin

and maximum likelihood estimation for α. To con-
firm the validity of the fit, we compare it against a
log-normal distribution via a likelihood ratio test
(R), where R > 0 supports the power law and
R < 0 supports log-normal.

4 Experiments

4.1 Dataset

We utilize the Rapidata Image Generation Align-
ment Dataset (Rapidata, 2025) to source 40,000 AI-
generated images, stratified equally (10,000 each)
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Table 1: Aggregate analysis (N = 50, 000). For BIFs,
AI is indistinguishable from reality (p > 0.05). For
VQ, both distributions are log-normal (R < 0), but AI
exhibits a steeper slope and lower xmin.

Dataset Alpha (α) xmin R p-val

BIF
Real (Aggregate) 1.8180 34.9M 0.002 0.70
AI (Aggregate) 1.7608 32.8M 0.003 0.85

VQ
Real (Aggregate) 1.9490 1.93M -13.52 < 0.01
AI (Aggregate) 2.2868 1.42M -6.60 < 0.01

across four state-of-the-art models, namely DALL-
E 3 (Betker et al.), Midjourney (Midjourney, 2024),
Stable Diffusion 3 (SD3) (Esser et al., 2024), and
Flux 1.1 Pro (Labs et al., 2025). For the real-world
baseline, we sample 10,000 images from ImageNet-
1k (Russakovsky et al., 2015) validation set, rep-
resenting a general purpose distribution of natural
photography. Feature extraction and statistical anal-
ysis described in Section 3 are then applied to the
collected data.

4.2 Results

4.2.1 Aggregate Analysis
Table 1 presents a fundamental dichotomy in the
statistical footprint of generative models: a near-
perfect replication of low-level visual syntax, con-
trasted against a systematic deviation in high-level
texture semantics.

The analysis of BIFs reveals that, at the level
of local geometry, AI-generated imagery is statisti-
cally indistinguishable from natural photography.
The high p-values and negligible likelihood ratios
suggest that the distribution of fundamental geo-
metric primitives is invariant across real and syn-
thetic domains.

In contrast, the visual vocabulary analysis with
VQ uncovers a significant distributional shift. Con-
sistently negative likelihood ratios for both datasets
indicate that visual word frequencies follow a log-
normal distribution rather than a pure power law.
AI aggregate exhibits a steeper decay, which may
be attributed to suppression of entropy, where the
generative process under-samples the rare, chaotic
textures that populate the "long tail" of reality.

Furthermore, the difference in xmin, which
marks the transition point between head and tail of
the distribution, is diagnostic. Real images main-
tain a significantly higher cutoff, implying an in-
creased density at the upper tail. Nature sustains
a larger diversity of common textures before the

Table 2: Model-specific analysis. All models match real-
world images in BIF with p ≈ 0.9. With VQ, however,
models display distinct behaviors.

Model Alpha (α) xmin R p-val

BIF Analysis (Physics)
Stable Diffusion 3 1.8109 7.89M 0.001 0.94
DALL-E 3 1.8026 9.32M 0.001 0.95
Flux 1.1 Pro 1.7857 6.91M 0.001 0.89
Midjourney 1.7318 5.62M 0.001 0.93

VQ Analysis (Texture)
DALL-E 3 2.4388 391k -13.95 < 0.01
Stable Diffusion 3 2.2909 258k -6.10 < 0.01
Midjourney 2.2513 379k -17.45 < 0.01
Flux 1.1 Pro 2.1741 246k -18.54 < 0.01

distribution transitions into its decaying tail behav-
ior. AI models, by contrast, transition to the decay
phase earlier, collapsing the diversity of visual tex-
tures.

4.2.2 Model-Specific Analysis
Breaking down the aggregate results reveals dis-
tinct statistical fingerprints for each architecture
(Table 2). While all models converge on the physics
of low-level features, they diverge significantly in
how they manage the entropy of high-level textures,
which may be linked to architectural choices.

DALL-E 3 exhibits the steepest Zipfian slope,
indicating the least entropic texture distribution.
This observation is consistent with DALL-E 3’s
integration of LLM guidance for prompt rewriting.
We hypothesize that minimizing the semantic gap
between text and image may inadvertently act to
reduce the stochastic variance of the output and sup-
press the long tail of messy, unprompted textures
in favor of high-probability visual concepts.

Stable Diffusion and Midjourney occupy a mid-
dle ground, likely driven by distinct optimization
constraints. For Stable Diffusion, the reliance on
latent diffusion involves compressing data into a
lower-dimensional latent space via a VAE. This
process may have acted as a low-pass filter, dis-
carding the high-frequency Zipfian tail of pixel
noise to ensure stability. Midjourney’s similarity
may have stemmed from aggressive RLHF tuned
for aesthetics, which biases the model toward clean
and statistically regular textures, while penalizing
the chaotic aspects of the physical world.

Flux exhibits the lowest slope among the AI
models, placing it statistically closest to the high-
entropy nature of real-world data. This could poten-
tially be attributed to its flow matching paradigm.
Unlike standard diffusion, which iteratively re-

15



Table 3: Impact of prompt complexity. Specificity in-
creases the Zipfian slope, reducing statistical realism.

Prompt Type Alpha (α) xmin

Simple (< 6 words) 1.9283 132,245
Complex (> 15 words) 2.3259 197,883

moves noise and may smooth out high-frequency
irregularities, flow matching models optimize trans-
port paths, which may allow the model to preserve a
higher degree of high-frequency variance, resulting
in a texture distribution that feels more physically
plausible.

While no model perfectly replicates the heavy-
tailed entropy of natural photography, the data sug-
gests a trade-off; stronger semantic guidance ap-
pears to correlate with reduced statistical realism,
whereas newer flow-based architectures seem bet-
ter equipped to sustain the chaotic vocabulary of
the visual world.

5 The Effect of Prompt Complexity

Images generated by text-to-image generation mod-
els are naturally influenced by the input prompts. A
prevalent assumption in prompt engineering is that
increasing the lexical density of a prompt enhances
the realism of the generated output. We investigate
this hypothesis by analyzing whether conditioning
on complex, lengthy prompts increases the statisti-
cal diversity of the generated visual vocabulary, or
whether it inadvertently constrains the model’s la-
tent space to a narrower manifold of learned visual
concepts.

5.1 Experimental Setting and Procedure
We stratified the data into two distinct groups based
on prompt word count:

• Simple Prompts (< 6 words): These
prompts typically consist of a single subject
or short phrase (e.g., "A red car," "A cat").
They provide minimal semantic constraints,
requiring the model to "hallucinate" the major-
ity of the scene’s details, such as background,
lighting, style, from its unconditioned prior.

• Complex Prompts (> 15 words): These
prompts are highly descriptive, often speci-
fying multiple attributes such as lighting con-
ditions, artistic style, texture quality, and back-
ground elements (e.g., "A futuristic city sky-
line at sunset with neon lights reflecting on
wet pavement, 4k, photorealistic").

We collected a balanced sample of N = 5, 000
images per group. To ensure a unified basis for
comparison, we trained a shared VQ codebook on
the combined dataset. We then tokenized all im-
ages into visual word sequences and performed
maximum likelihood estimation to determine the
Zipfian parameters for each group.

5.2 Results and Analysis

Table 3 presents the results of the distributional
analysis.

The Zipfian slope for complex prompts is steeper
than for simple prompts, indicating a faster decay
in the frequency of rare events. This suggests that
when the model is heavily conditioned by a long
text string, it relies more heavily on a core set of
high-probability visual tokens to satisfy the seman-
tic constraints, suppressing the generation of rare,
stochastic textures that characterize the heavy tail
of natural imagery. On the other hand, condition-
ing on simple prompts allows the model to sample
more freely from its diverse training distribution.
In addition, the complex condition exhibits a signif-
icantly higher xmin, implying that the distribution
for complex prompts is dominated by a larger block
of repetitive, common visual words before the Zip-
fian tail behavior emerges.

In summary, contrary to the intuition that more
text leads to more visual information, we observe
a systematic degradation in statistical realism as
prompt complexity increases, and specificity in
language appears to constrain the entropy of the
visual generation process.

6 Conclusion

In this study, we examined the statistical behav-
ior of AI-generated images with Zipfian approach.
Our results demonstrate that, while generative AI
has effectively mastered the low-level physics, it
exhibits a distinct statistical fingerprint in its high-
level texture vocabulary, whether in aggregate or
with distinct models. We also observe that architec-
tural choices of each model may be linked to their
statistical behaviors. Finally, we examined the the
effect of prompt complexity in the statistical behav-
ior of generated images, and find that, contrary to
the popular intuition, increasing prompt complex-
ity acts as an entropy constraint, driving the output
distribution further from the heavy-tailed diversity
of the physical world.
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Limitations

Our study faces several methodological constraints.
First, our visual word tokenization relies on shallow
K-Means clustering of raw pixel patches. While
this heuristic aligns with classical vision literature,
it captures local texture statistics rather than the
high-level semantic tokens utilized by modern la-
tent transformers. Consequently, our findings re-
flect the entropy of surface-level texture rather than
deep semantic structure. Additionally, our analy-
sis was conducted at a fixed scale (σ = 1.0), po-
tentially overlooking scale-invariant statistical di-
vergences that may exist at macro-compositional
levels or sub-pixel resolutions.

Second, our dataset choice introduces a poten-
tial selection bias, as the images were generated
to maximize aesthetic alignment rather than repre-
senting the raw, rejection-free output of the models.
Furthermore, our investigation of the prompt com-
plexity relied solely on word count as a proxy for
semantic density.
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Abstract

Vision foundation models produce features that
generalize across visual domains without fine-
tuning, yet naively transferring labels through
these feature spaces fails under large distribu-
tion shifts. We propose SAOT (Semantically
Aware Optimal Transport), which learns a
transport cost within a fused unbalanced opti-
mal transport formulation for dense label trans-
fer from frozen vision transformer features to
new domains. SAOT combines a learnable ap-
pearance metric with semantic class-prototype
priors, unbalanced transport for partial match-
ing under distribution shift, and a block-sparse
solver for tractable inference. We pair this
with a two-stage decoder: an MLP trained on
SAOT pseudo-labels, then refined via EMA-
teacher self-training with class-balanced sam-
pling. On GTA5→Cityscapes with frozen
DINOv2 ViT-L/14 features, SAOT+Decoder
reaches 25.7% mIoU, a 3.8× improvement over
nearest-neighbor transfer (6.7%), without any
backbone adaptation. Per-class results show
large gains on spatially coherent classes (road
90.3%, car 76.2%, building 71.5%), suggesting
that learned semantic transport costs capture
domain-invariant structure even under severe
synthetic-to-real shifts. On VOC train→val
with frozen ViT-B/16 features, the full pipeline
reaches 47.5% mIoU, indicating that the ap-
proach extends beyond synthetic-to-real adap-
tation.

1 Introduction

Optimal transport (OT) compares and aligns dis-
tributions through cost-minimizing couplings (Vil-
lani, 2016; Peyré and Cuturi, 2019). Entropic regu-
larization yields a smooth discrete OT problem
that can be solved efficiently by Sinkhorn scal-
ing (Knopp and Sinkhorn, 1967; Cuturi, 2013;
Altschuler et al., 2017), and such solvers have been
used for semantic correspondence (Liu et al., 2020)
and differentiable assignment (Sarlin et al., 2020).

Dense label transfer, propagating a semantic
label field from a labeled source domain to an
unlabeled target, is a core task in unsupervised
domain adaptation (UDA) for segmentation. In
the synthetic-to-real setting, a model trained on
GTA5 (Richter et al., 2016) must segment real
Cityscapes (Cordts et al., 2016) images. Many
OT-based label-transfer baselines use fixed ground
costs (e.g., cosine distance in frozen features),
which can misalign semantics when appearance
varies across domains.

Dense label transfer across domains faces three
problems: (1) Semantic misalignment: fixed fea-
ture distances can match visually similar but seman-
tically different regions (synthetic road textures
mapped to real sidewalks); (2) Mass imbalance:
class frequencies differ between source and target,
so forcing all source mass to match target tokens
can produce spurious correspondences; (3) Scala-
bility: vision transformers produce thousands of
patch tokens per image, so the solver must be effi-
cient.

To address these issues, we propose SAOT,
which learns a semantically aware transport cost
directly in feature space. The inner OT problem
remains well-posed through entropic regulariza-
tion and unbalanced marginal relaxation. The cost
combines a learnable appearance metric with se-
mantic priors derived from class prototypes. A
block-sparse solver restricts transport to k-nearest
candidate neighborhoods for tractable inference.
We then train a residual MLP decoder on SAOT
pseudo-labels and refine it with EMA-teacher self-
training (Tarvainen and Valpola, 2017).

Contributions.

• A learnable ground cost cθ that blends appear-
ance distance with class-prototype semantic
priors for matching under domain shift (Sec-
tion 4.1).
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Figure 1: Overview of the SAOT framework. (a) Frozen DINOv2 ViT-L/14 extracts source/target patch tokens.
(b) Learnable cost cθ blends appearance distance with semantic class-prototype priors. (c) Block-sparse unbalanced
Sinkhorn solver computes coupling Γθ. (d) Barycentric projection transfers source labels to target. (e) Sparse
supervision + auxiliary losses drive bilevel cost learning (dashed red = gradient). (f) Two-stage decoder distills OT
pseudo-labels, refined via EMA self-training.

• A fused unbalanced OT objective with entropic
regularization, KL-relaxed marginals, and en-
tropy/diversity auxiliary losses (Section 4.2).

• A k-NN block-sparse solver that reduces the
coupling from O(nm) to O(nk) for high-
resolution inference (Section 4.3).

• A two-stage decoder trained on SAOT pseudo-
labels and refined with EMA-teacher self-
training (Section 4.5).

• Within the class of frozen-backbone sparse
point-supervised dense label-transfer methods
using frozen foundation-model features, evalu-
ation on GTA5→Cityscapes at 504×1008 res-
olution with frozen DINOv2 ViT-L/14 features
yields 25.7% mIoU, a 3.8× gain over nearest-
neighbor baselines, together with ablations and
per-class analysis (Section 6).

• We validate the method on a second bench-
mark, VOC train→val with frozen ViT-B/16
features, where the full pipeline reaches 47.5%
mIoU, showing that the approach extends be-
yond synthetic-to-real transfer.

2 Related Work

Entropic OT and differentiable transport. En-
tropic regularization makes OT strictly convex and
solvable via Sinkhorn scaling (Cuturi, 2013), yield-
ing GPU-friendly solvers and differentiable assign-
ment layers (Sarlin et al., 2020; Mena et al., 2018).
We build on these properties for dense label transfer
with learned costs.

Unbalanced and robust OT. Classical OT as-
sumes mass conservation, but occlusions and label
shift violate this in dense transfer. Unbalanced OT
relaxes marginals via KL divergences (Chizat et al.,
2018a,b; Liero et al., 2018), and RWOT adds re-
liability weighting (Xu et al., 2020). We use the

unbalanced formulation as an outlier filter to avoid
forced mismatches.

Structure-aware OT: GW, FGW, and fused
variants. GW distances align relational struc-
tures (Mémoli, 2011), while FGW combines fea-
ture and structure terms (Titouan et al., 2019;
Vayer et al., 2020). FUGW adds unbalanced re-
laxations (Thual et al., 2022), and ASOT uses un-
balanced OT for temporally consistent segmenta-
tion (Xu and Gould, 2024). Our formulation is
compatible with spatial-structure fusion on dense
vision grids, while the reported experiments focus
on learned semantic and appearance costs.

OT and graph-based methods for domain adap-
tation. OT is widely used in DA (Courty et al.,
2017b,a; Damodaran et al., 2018; Seguy et al.,
2018). These methods learn or adapt representa-
tions, mappings, or predictors; we instead learn the
ground cost while keeping foundation model fea-
tures frozen. Label propagation (Zhu et al., 2003)
transfers labels via diffusion on a k-NN affinity
graph; it is a natural transductive baseline but does
not outperform simple k-NN voting when features
are frozen (Table 1).

UDA for semantic segmentation. Modern UDA
methods pair self-training with strong architectures:
DAFormer (Hoyer et al., 2022a) (68.3% mIoU on
GTA5→Cityscapes) uses a Transformer encoder
with a context-aware decoder, HRDA (Hoyer et al.,
2022b) (73.8%) adds multi-resolution context, and
MIC (Hoyer et al., 2023) (75.9%) uses masked
consistency. All adapt the segmentation network
using labeled source and mostly unlabeled target
images. Our approach works on frozen features
and requires no backbone training.

Vision foundation models for segmentation.
Self-supervised ViTs (Caron et al., 2021; Oquab
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et al., 2024; Dosovitskiy et al., 2021) pro-
duce semantically rich patch tokens. DI-
NOv2 (Oquab et al., 2024) features transfer across
domains without fine-tuning. Rein (Wei et al.,
2024) adapts DINOv2 through parameter-efficient
fine-tuning for domain generalization, reaching
78.4STEGO (Hamilton et al., 2022) distills DINO
feature correspondences into a segmentation head
without any labels, reaching ∼21We use frozen DI-
NOv2 features as input to our transport framework;
the method is complementary to adapter-based ap-
proaches like Rein, whose adapted features could
serve as an alternative backbone.

3 Notation and Preliminaries

Setup. Let a source image be represented by n
patch tokens Xs = {xsi}ni=1 ∈ Rn×d with labels
ℓsi ∈ {1, . . . ,K}, and a target image by m tokens
Xt = {xtj}mj=1. We seek a coupling Γ ∈ Rn×m

+

transporting label mass from source to target such
that correspondences are semantically meaningful.

Entropic unbalanced OT. Given nonneg.
weights a ∈ Rn

+, b ∈ Rm
+ and cost C ∈ Rn×m,

the entropic UOT objective (Chizat et al., 2018a)
is:

Γ⋆ ∈ argmin
Γ≥0

⟨Γ, C⟩+ εKL(Γ∥ab⊤)

+ τ
(
KL(Γ1∥a) + KL(Γ⊤1∥b)

)
. (1)

The entropic term makes the objective strictly con-
vex in Γ; the KL marginal penalties relax mass
conservation to allow partial matchings.

Barycentric label transfer. Given coupling with
positive target column masses Γ⋆ and one-hot
source labels P s ∈ {0, 1}n×K , predicted target
label probabilities are:

P̂ t = diag
(
(Γ⋆)⊤1

)−1
(Γ⋆)⊤P s. (2)

4 Method: SAOT

SAOT learns a semantically aware OT cost for
dense label transfer via bilevel optimization. Fig. 1
shows the pipeline.

4.1 Semantically Aware Ground Cost
We define the cost between a labeled source token
(xs, ℓs) and target token xt:

cθ(x
s, ℓs;xt) = ∥Wθx

s −Wθx
t∥22︸ ︷︷ ︸

learned appearance

+λsem ψθ(ℓ
s;xt)︸ ︷︷ ︸

semantic prior

,

(3)

Algorithm 1 Bilevel training of SAOT
Require: Source tokens {(Xs

i , ℓ
s
i )}, target tokens {Xt

j},
sparse target point labels {(ℓtj)}j∈S

Require: Hyperparams (ε, τ, k, λsem, λent, λdiv)
1: while not converged do
2: Sample source–target pair (Xs, ℓs, Xt)
3: Compute class prototypes U from source labels
4: Build k-NN candidate sets {Nk(i)}ni=1

5: Compute block-sparse cost Cθ using (3)
6: Solve UOT: Γθ ← SPARSESINKHORN-

UOT(Cθ,a, b; ε, τ)

7: Predict labels P̂ t via barycentric projection (2)
8: L ←∑

j∈S CE(P̂ t
j,:, ℓ

t
j) + λentLent + λdivLdiv

9: Update θ by gradient descent on L
10: end while

where Wθ is a learnable linear projection and the
semantic prior penalizes transporting mass to se-
mantically implausible targets.

Semantic prior via class prototypes. Let uc ∈
Rd be the mean DINOv2 embedding for source
class c: uc = 1

|Ic|
∑

i∈Ic x
s
i . The semantic prior is:

ψθ(ℓ
s;xt) = − log πθ(x

t)ℓs ,

πθ(x
t) = softmax

(
1
T U

⊤Vθx
t
)
, (4)

where U = [u1 · · ·uK ] ∈ Rd×K and Vθ is a learn-
able projector. This penalizes matching a source
token to a target location whose features are far
from that source class’s prototype.

4.2 Fused Unbalanced Objective
The inner transport problem combines the learned
cost with auxiliary regularizers:

Γ⋆
θ ∈ argmin

Γ≥0
⟨Γ, Cθ⟩+ εKL(Γ∥ab⊤)

+ τ
(
KL(Γ1∥a) + KL(Γ⊤1∥b)

)
. (5)

Class distributions differ between source and
target. Balanced OT forces all source mass onto
target tokens, producing meaningless correspon-
dences. KL-relaxed marginals (τ < ∞) let the
solver leave unmatched mass unassigned. In our
experiments, balanced OT scores 0% mIoU while
UOT scores 6.7% even with fixed costs (Table 5 in
Section 6.4).

Since most target tokens lack supervision, we
add two auxiliary losses for dense gradient signal:

Lent = −
1

m

∑

j

∑

c

P̂ t
j,c log P̂

t
j,c, (6)

Ldiv = KL
(
P̄ t

∥∥∥ 1
K1

)
, (7)
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Table 1: Main results on GTA5→Cityscapes (mIoU %,
500 val images). All methods use frozen DINOv2 ViT-
L/14 features.

Method mIoU (%) Time (s)

LinearProbe 6.2 0.9
ProtoNet 6.3 0.9
OT (ε=0.1, bal., k=128) 6.5 9.9
NN (k=1) 6.7 4.3
UOT (ε=0.1, τ=0.3) 6.7 6.4
RWOT (ε=0.1, τ=0.3) 6.8 7.5
KNN-Global (k=10) 7.5 10.7
LabelProp (k=10) 7.5 508.3

SAOT (single source) 12.6 11.1
SAOT (multi-source, K=3) 15.8 32.7
SAOT+Decoder 25.7 1.2

where P̄ t = 1
m

∑
j P̂

t
j,: is the mean prediction. En-

tropy minimization (Lent) encourages confident pre-
dictions; diversity (Ldiv) prevents class collapse.
Both are standard in UDA (Vu et al., 2019).

4.3 Block-Sparse Solver

A dense coupling Γ ∈ Rn×m is too large for
high-resolution grids. With DINOv2 ViT-L/14
at 504×1008 resolution, each image produces
n = 36 × 72 = 2,592 tokens; a full coupling
requires n×m ≈ 6.7M entries per image pair.

For each source token i, we compute cosine simi-
larity to all target tokens and retain the top-k neigh-
bors Nk(i) ⊂ {1, . . . ,m}. This reduces the cou-
pling to O(nk) entries. We use k = 128 in all
experiments.

Within the active support, we run log-domain
Sinkhorn iterations for UOT (Chizat et al., 2018a):

ui ←
τ

τ + ε

(
log ai − log

∑

j∈Nk(i)

Kije
vj
)
,

vj ←
τ

τ + ε

(
log bj − log

∑

i: j∈Nk(i)

Kije
ui

)
, (8)

where Kij = exp(−Cij
θ /ε) on active entries. The

τ/(τ + ε) damping factor implements KL-relaxed
marginals.

4.4 End-to-End Cost Learning

We optimize the cost parameters θ via bilevel
optimization. Given sparse target point labels
{(ℓtj)}j∈S (class-balanced point supervision), the
outer objective is:

min
θ

∑

j∈S
CE(P̂ t

j,:, ℓ
t
j) + λentLent + λdivLdiv. (9)

We differentiate through the Sinkhorn solver via
implicit differentiation of the fixed-point equations.
Training uses AdamW with learning rate 5× 10−4

for 14,000 steps, sampling random source–target
pairs at each iteration. Algorithm 1 summarizes the
complete training procedure.

4.5 Decoder Training and EMA Refinement

Raw SAOT predictions are computed per source–
target pair and need access to source images at
inference. We distill them into a parametric de-
coder.

Stage 1: Pseudo-label distillation. For each
target training image, we compute soft pseudo-
labels P̂ t by aggregating SAOT predictions from
the top-5 most similar source images (weighted by
global feature similarity). A residual MLP decoder
fϕ : Rd → RK is then trained on the combination
of:
• Source: cross-entropy with ground-truth labels

(class-balanced sampling).

• Target: confidence-weighted KL divergence
with soft pseudo-labels (class-balanced sam-
pling by argmax pseudo-label).

Stage 2: EMA-teacher refinement. Following
the mean-teacher paradigm (Tarvainen and Valpola,
2017; Hoyer et al., 2022a), we refine the decoder
via self-training: (1) Create an EMA teacher as a
copy of the trained decoder (αEMA = 0.9999). (2)
Generate hard pseudo-labels from the teacher with
temperature sharpening (T = 0.5). (3) Train the
student with hard cross-entropy loss (label smooth-
ing 0.1) on confident tokens. (4) Update the teacher
via exponential moving average. (5) Regenerate
pseudo-labels every 5,000 steps.

Decoder architecture. We use a ResidualMLP
with 1,024 hidden dimensions and 2 residual blocks
(5.3M parameters): input→ Linear+LN+GELU→
[Linear+GELU+Linear+skip+LN+Dropout]×2→
Linear head. This operates on per-token features
without spatial convolutions, since DINOv2 ViT-
L/14 tokens already encode spatial context from
self-attention (Section 6.5).

5 Theoretical Analysis

We state three results that justify the bilevel opti-
mization.

Proposition 1 (Existence and uniqueness). For
ε > 0, τ > 0, and finite cost C on the active
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Table 2: Per-class IoU (%) on GTA5→Cityscapes for
selected classes. Full 19-class results are in the supple-
mentary.

Method road s.walk build. veget. sky pers. car terr. fence

NN 56.7 6.5 26.2 11.7 12.5 2.8 5.7 1.2 2.1
KNN-G 69.5 8.2 33.0 8.2 14.6 0.2 3.5 0.9 2.1
UOT 59.0 7.1 30.1 9.1 11.4 2.4 4.1 1.3 1.7
SAOT 71.3 22.9 47.0 32.0 25.5 4.1 22.6 3.9 4.9
SAOT+D 90.3 56.1 71.5 59.7 36.9 31.8 76.2 27.5 25.3
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Figure 2: Per-class IoU comparison on
GTA5→Cityscapes for classes with >5% IoU
by any method. SAOT+Decoder (red) consistently
outperforms all baselines across spatially coherent
classes, with particularly large gains on car (+70.5%),
sidewalk (+49.6%), and vegetation (+48.0%).

support, the entropic UOT objective (1) is strictly
convex in Γ and admits a unique minimizer Γ⋆.

Proof sketch. The KL term εKL(Γ∥ab⊤) involves
Γij log Γij , which is strictly convex on Rn×m

++ . The
marginal KL penalties are convex compositions of
affine maps and KL divergence. Their sum F (Γ)
is therefore strictly convex. Coercivity (F →∞ as
∥Γ∥ → ∞) ensures the infimum is attained; strict
convexity gives uniqueness.

Lemma 1 (Cost stability). Fix ε, τ > 0 and
weights a, b. For costs C,C ′ on the same active
support with minimizers Γ⋆,Γ′⋆:

∥Γ⋆ − Γ′⋆∥1 ≤ LΓ(ε, τ) · ∥C − C ′∥∞, (10)

where LΓ(ε, τ) depends on the strong convexity
modulus.

Proof sketch. Write FC(Γ) = ⟨Γ, C⟩ + R(Γ)
whereR collects the ε-strongly convex regularizers.
Optimality gives∇R(Γ⋆) = −C and∇R(Γ′⋆) =
−C ′. By strong convexity: ε∥Γ⋆ − Γ′⋆∥2F ≤
⟨C ′ − C,Γ⋆ − Γ′⋆⟩ ≤ ∥C − C ′∥∞∥Γ⋆ − Γ′⋆∥1,
yielding LΓ = nm/ε on the active support.
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Figure 3: Per-class qualitative comparison on
Cityscapes validation images for road, sidewalk, and car.
Each row highlights one class using its Cityscapes color
over a dimmed background. Columns: target image,
ground truth, NN, UOT, and SAOT. IoU (%) is anno-
tated per method.
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Figure 4: Multi-class qualitative results on Cityscapes
validation images. Columns: target image, ground truth,
NN, UOT, SAOT+Decoder. Per-image mIoU (%) is
annotated.

Theorem 1 (Barycentric transfer stability). If col-
umn masses are bounded below, minj(Γ

⋆⊤1)j ≥
µ > 0, then for costs C,C ′:
∑

j

∥P̂ t
j,:− P̂ t′

j,:∥1 ≤
2

µ
∥P s∥∞ ·∥Γ⋆−Γ′⋆∥1. (11)

Combined with Lemma 1, the label transfer is Lips-
chitz in the cost.

Proof sketch. Let rj = (Γ⊤1)j ≥ µ. Then P̂ t
j,: =

r−1
j

∑
i ΓijP

s
i,:. Bounding the difference of two

such ratios and using rj ≥ µ gives ∥P̂ t
j,:− P̂ t′

j,:∥1 ≤
2
µ∥P s∥∞

∑
i|Γij − Γ′

ij |. Summing over j yields
the result.

6 Experiments

6.1 Experimental Setup
Benchmark. We evaluate on GTA5 (Richter
et al., 2016)→Cityscapes (Cordts et al., 2016), the
standard synthetic-to-real UDA benchmark for se-
mantic segmentation with 19 shared classes.
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Table 3: Effect of dataset scale on SAOT+Decoder.

Src / Tgt Dec. Steps +Decoder (%) Raw (%)

500 / 500 7,500 22.0 ∼11
1K / 1K 15,000 23.7 13.1
1K / 1K 25K + EMA 25.7 12.6
2K / 2K 15,000 22.0 12.5
2K / 2K 25,000 22.8 12.7

Table 4: Decoder architecture comparison.

Decoder mIoU (%) Params

3-layer MLP (512 hidden) 22.0 1.6M
ResidualMLP (1024, 2 blk) 25.7 5.3M
Spatial Conv (3×3, 3 blk) 17.0 3.1M

Feature extraction. We use DINOv2 ViT-
L/14 (Oquab et al., 2024) as a frozen feature ex-
tractor (d = 1,024, patch size 14). Images are
resized to 504×1008 (multiples of 14), yielding
36 × 72 = 2,592 tokens per image. Features are
L2-normalized and cached to disk.

SAOT training. We use 1,000 source and 1,000
target training images. OT parameters: k = 128
candidates, ε = 0.1, τ = 0.3. Cost learning:
λsem = 0.1, λent = 0.1, λdiv = 0.05. Training:
14,000 steps with AdamW, learning rate 5× 10−4,
20 sparse supervision points per class.

Decoder training. ResidualMLP decoder (1,024
hidden, 2 blocks). Stage 1: soft KL distillation
from top-5 source SAOT predictions, ∼25,000
steps with class-balanced sampling. Stage 2: EMA
refinement with hard CE loss, label smoothing 0.1,
20,000 steps.

Evaluation. We report mIoU on 500 Cityscapes
validation images. All experiments run on a single
NVIDIA A100 (32GB).

6.2 Main Results

Table 1 shows the results. Raw SAOT reaches
12.6% mIoU, a 68% relative gain over KNN-Global
and LabelProp (both 7.5%). The decoder dou-
bles this: SAOT+Decoder reaches 25.7% by gen-
eralizing across all target images through class-
balanced training on pseudo-labels. It is also
the fastest method at inference: 500 images in
1.2s (2.4ms/image). All fixed-cost OT variants
(OT, UOT, RWOT) land at 6.5–6.8% mIoU, barely
above NN. The transport formulation alone does
not help; what matters is learning the cost (Fig. 6).

Table 5: Ablation study on GTA5→Cityscapes. Each
row removes one component from full SAOT. All results
are raw SAOT mIoU (without decoder).

Variant mIoU (%) ∆

Full SAOT 12.6 –
w/o semantic prior (λsem = 0) 5.7 −6.9
w/o entropy + diversity losses 10.1 −2.5
w/o unbalanced (τ →∞) 0.0 −12.6
Fixed cost (no learning) – UOT 6.7 −5.9
Fixed cost (no learning) – OT 6.5 −6.1

6.3 Per-Class Analysis
Table 2 breaks down where the gains come from.
Fig. 2 visualizes the per-class improvements. The
largest gains are on spatially coherent classes
(Figs. 3 and 4): road goes from 56.7% to 90.3%, car
from 5.7% to 76.2% (13.4×), person from 2.8%
to 31.8% (11.4×), and building from 26.2% to
71.5%. The semantic prior helps road and build-
ing by identifying these regions even when tex-
tures differ across domains; for car, the learned
appearance cost handles the varied cross-domain
appearances. Person performance remains modest
in absolute terms because pedestrians occupy few
tokens. Classes at 0% (traffic light, traffic sign,
rider, train, motorcycle, bicycle) are too rare and
too small at 14-pixel patch granularity.

6.4 Ablation Study
Table 5 isolates each component. Removing the
semantic prior causes the largest drop (−6.9): ap-
pearance matching alone is not enough under the
GTA5→Cityscapes gap. Balanced OT (τ → ∞)
fails completely (0.0%) because forcing all source
mass onto target tokens produces degenerate cou-
plings. Comparing SAOT (12.6%) to fixed-cost
UOT (6.7%) confirms that learning cθ nearly dou-
bles mIoU.

6.5 Scaling and Architecture Analysis
Table 3 shows that the sweet spot is 1,000 images
per domain with EMA refinement. Table 4 com-
pares decoder architectures: the ResidualMLP out-
performs both a shallow MLP and a spatial convo-
lutional decoder. DINOv2 ViT-L/14 tokens already
encode spatial context via self-attention, making
3×3 convolutions at the 14px patch level redun-
dant.

6.6 EMA Refinement
Table 6 compares refinement strategies. Soft KL
targets fail because the student produces uncertain

23



Table 6: Impact of EMA-teacher refinement.

Refinement Strategy mIoU (%)

No refinement (decoder only) 23.7
Soft KL pseudo-labels (EMA) 9.9
Hard CE pseudo-labels (EMA) 24.8
Hard CE + label smoothing 0.1 25.7

Table 7: Effect of multi-source aggregation on raw
SAOT (without decoder). Aggregating predictions from
the top-K most similar source images provides a free
improvement at inference time.

K sources mIoU (%) Eval Time (s)

K = 1 12.6 11.1
K = 3 15.8 32.7

predictions, the EMA teacher averages this uncer-
tainty, and regenerated pseudo-labels become dif-
fuse, collapsing mIoU to 9.9%. Hard CE with label
smoothing avoids this feedback loop. The most no-
table per-class change is person: 1.4%→ 31.8%.

6.7 Multi-Source Aggregation

Aggregating predictions from K = 3 source im-
ages improves raw SAOT from 12.6% to 15.8%
(+25% relative, Table 7). Different source images
contain different class instances, and similarity-
weighted aggregation picks relevant sources for
each target. This costs ∼3× more at inference but
requires no additional training.

6.8 VOC Train→Val Transfer

To test generalization beyond the synthetic-to-real
setting, we evaluate on PASCAL VOC 2012 (Ev-
eringham et al., 2010) train→val (21 classes, 200
source / 100 target images, frozen ViT-B/16 fea-
tures). Table 8 shows the results. SAOT+Decoder
reaches 47.5% mIoU, ahead of KNN-Global
(45.6%) and NN (36.7%). Raw SAOT (33.7%)
underperforms NN (36.7%) here because there is
no domain shift: fixed cosine distances already
align semantics well. The decoder bridges this gap
by distilling pseudo-labels from multiple source
pairings. Fig. 5 shows qualitative examples where
SAOT+Decoder produces cleaner segmentation
than NN and UOT.

6.9 Cross-Domain Comparison

Table 9 places SAOT in context. End-to-end UDA
methods reach 68–76% by fine-tuning the full back-
bone; Rein adapts DINOv2 with LoRA and gets

Table 8: Results on PASCAL VOC 2012 train→val
(mIoU %, 100 val images, 21 classes). Same-domain
transfer with frozen ViT-B/16 features. SAOT+Decoder
still leads, though the advantage over KNN-Global is
smaller than under domain shift.

Method mIoU (%) Eval Time (s)

OT (ε=0.1, balanced, k=64) 26.1 1.5
UOT (ε=0.1, τ=0.3, k=64) 28.7 1.0
RWOT (ε=0.1, τ=0.3, k=64) 29.2 1.0
ProtoNet 30.7 0.2
LabelProp (k=10) 33.2 36.7
SAOT (single source) 33.7 154.9
LinearProbe 35.9 0.2
NN (k=1) 36.7 0.4
SAOT (multi-source, K=3) 37.9 462.6
KNN-Global (k=10) 45.6 1.2
SAOT+Decoder 47.5 0.3

Target Image Ground Truth

71%

NN

37%

UOT

86%

SAOT+Dec (Ours)
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Figure 5: Qualitative results on VOC val images.
Columns: target image, ground truth, NN, UOT,
SAOT+Decoder. Per-image mIoU (%) is annotated.

78.4%. SAOT+Decoder operates in the most con-
strained setting (frozen backbone, sparse target
point supervision) yet reaches 25.7%, the highest
in this category.

7 Discussion

When does SAOT help? On same-domain VOC
train→val, raw SAOT (33.7%) underperforms NN
(36.7%), but SAOT+Decoder (47.5%) still leads
all methods. On cross-domain GTA5→Cityscapes,
the gap is larger: SAOT (12.6%) beats NN (6.7%)
by 88% relative. Looking at transport plans: fixed-
cost UOT sends 68% of mass to wrong classes;
SAOT reduces this to 41%.

Decoder generalization. SAOT+Decoder
(25.7%) more than doubles raw SAOT (12.6%).
Without class-balanced sampling, mIoU drops
from 22.0% to 17.6%, and person collapses from
31.8% to 0.7%.

Limitations

Six classes stay at 0% IoU (traffic light, traffic
sign, rider, train, motorcycle, bicycle) because they
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Table 9: GTA5→Cityscapes mIoU (%) across method
families. SAOT operates in the most constrained setting
(frozen backbone, sparse target point supervision).

Method mIoU Backbone Tgt Lbl Params

End-to-end UDA (fine-tune + self-training)
DAFormer 68.3 trained pseudo ∼85M
HRDA 73.8 trained pseudo ∼85M
MIC 75.9 trained pseudo ∼85M

VFM adaptation (adapter/LoRA)
Rein 78.4 adapted source ∼5M

Unsupervised (no labels at all)
STEGO ∼21 frozen none ∼1M

Frozen backbone + source labels only (ours)
NN (k=1) 6.7 frozen none 0
KNN-Global 7.5 frozen none 0
SAOT+Dec 25.7 frozen none 5.3M

0 5 10 15 20 25 30
mIoU (%)

LinPr
Proto

NN
OT

UOT
RWOT

KNN-G
SAOT

SAOTK= 3

SAOT+D

6.2
6.3
6.7
6.5
6.7
6.8
7.5

12.6
15.8

25.7

Figure 6: Overall mIoU (%) on GTA5→Cityscapes. All
fixed-cost baselines cluster around 6–7.5%. Learned-
cost SAOT variants (blue) separate clearly, and
SAOT+Decoder (red) reaches 25.7%.

occupy too few tokens at 14px patch granularity.
At this resolution, the cross-domain feature gap
makes them indistinguishable from neighboring
classes. Multi-scale transport at higher resolution
(e.g., 72 × 144 grid) or hybrid architectures com-
bining patch-level OT with pixel-level refinement
would be needed to recover them. We have evalu-
ated only on GTA5→Cityscapes and VOC; testing
on additional benchmarks (Synthia→Cityscapes)
would confirm generality.

8 Conclusion

We presented SAOT, which learns semantically
aware transport costs in an unbalanced OT formula-
tion for dense label transfer. With frozen DINOv2
ViT-L/14 features, SAOT+Decoder reaches 25.7%
mIoU on GTA5→Cityscapes (3.8× over NN) and
47.5% on VOC train→val. Ablations show the se-

mantic prior (+6.9%), unbalanced transport (with-
out it, mIoU drops to 0%), and EMA refinement
with label smoothing each matter. The full pipeline
runs in ∼6 hours on one GPU with no backbone
fine-tuning. Multi-scale transport at higher resolu-
tion could help small-object classes, and replacing
frozen DINOv2 with adapter-based features could
narrow the gap with end-to-end UDA.
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A Dense Label Transfer with Optimal
Transport

This section introduces the dense label transfer
problem, explains where our approach fits, and
describes what the theoretical results actually guar-
antee.

A.1 The Problem: Transferring Labels
Without Retraining

Suppose we have a large collection of labeled im-
ages from a source domain (say, synthetic driving
scenes rendered from a game engine like GTA5)
and we want to produce semantic segmentation
maps for mostly unlabeled images from a tar-
get domain (say, real-world driving footage from
Cityscapes). The 19 semantic classes (road, car,
person, etc.) are shared, but the visual appearance
differs drastically: lighting, texture, geometry, and
rendering artifacts all change.

The standard approach to this unsupervised do-
main adaptation (UDA) problem is to fine-tune a
large neural network end-to-end, adapting it from
source to target through self-training. Methods like
DAFormer (Hoyer et al., 2022a), HRDA (Hoyer
et al., 2022b), and MIC (Hoyer et al., 2023) reach
68–76% mIoU this way, but they require training
an 85M-parameter backbone on both source and
target data, which is expensive and tightly coupled
to a specific source–target pair.

We take a different approach entirely. We freeze
a pretrained vision foundation model (DINOv2 ViT-
L/14) and use it purely as a feature extractor. Both
source and target images are encoded as grids of
patch tokens (2,592 tokens per image at 504 ×
1008 resolution). The question becomes: given a
grid of labeled source tokens and a grid of mostly
unlabeled target tokens, how do we transfer the
labels?
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A.2 Why Not Just Use Nearest Neighbors?

The simplest idea is nearest-neighbor (NN) match-
ing: for each target token, find the closest source
token by cosine similarity and copy its label. This
achieves only 6.7% mIoU. The problem is that
frozen DINOv2 features, while semantically mean-
ingful within a domain, do not align well across
domains. A synthetic road texture from GTA5 may
be closer in feature space to a real sidewalk than to
a real road. Fixed-distance metrics weigh all fea-
ture dimensions equally and have no way to adapt
to the domain gap.

A.3 Optimal Transport as a Matching
Framework

Optimal transport (OT) matches two distributions
globally rather than token by token. It finds a cou-
pling, an assignment of source mass to target lo-
cations, that minimizes total transport cost. The
coupling considers all source–target pairs simulta-
neously and picks the globally best assignment.

But vanilla OT with fixed cosine costs does no
better than NN (6.5–6.8% mIoU). Two problems
remain:
1. The cost function is wrong: cosine distance in

frozen features does not reflect semantic simi-
larity across domains.

2. Mass conservation is wrong: balanced OT
forces all source mass onto target tokens,
but class distributions differ between domains
(GTA5 has different class proportions than
Cityscapes).

A.4 Our Solution: Learning the Cost,
Relaxing the Constraints

SAOT addresses both:
• Learned cost: Instead of using fixed cosine

distance, we learn a transport cost cθ that com-
bines a learnable appearance metric with se-
mantic class-prototype priors. The appearance
metric projects features into a space where
cross-domain matching works better; the se-
mantic prior penalizes transporting a “road”
source token to a target location whose features
look like “sky.”

• Unbalanced transport: We relax the mass con-
servation constraint via KL-divergence penal-
ties on the marginals. This lets the solver leave
some source mass unassigned (an outlier fil-
ter) instead of forcing meaningless correspon-
dences. Without this, mIoU drops to 0%.

• Block-sparse solver: A full coupling between
2,592 source and 2,592 target tokens has 6.7M
entries. We restrict each source token to its
k = 128 nearest target neighbors, bringing the
problem down to O(nk) entries without losing
matching quality.

The cost parameters θ are optimized via bilevel
optimization: the inner problem solves the OT
matching for a given cost, and the outer problem
updates θ to minimize a supervised loss on a small
set of labeled target tokens (20 points per class).

A.5 The Decoder: From Per-Pair to
Per-Image Predictions

Raw SAOT predictions need source images at
test time and are computed per source–target pair.
We distill them into a lightweight MLP decoder
(5.3M parameters) that maps each target token to
a class prediction independently. Training has two
stages: (1) supervised on SAOT pseudo-labels with
class-balanced sampling, and (2) refined via EMA-
teacher self-training with hard pseudo-labels. The
decoder runs in 2.4ms per image at inference, faster
than nearest-neighbor retrieval.

A.6 What the Theory Guarantees

The main paper states three theoretical results. In
practical terms:

Proposition 1 (Existence and uniqueness). For
any learned cost cθ, the OT solver produces exactly
one coupling Γ⋆. The mapping from cost to pre-
dictions is therefore deterministic: no ambiguity in
the transport plan, and gradient-based optimization
of θ is well-defined. Without entropic regulariza-
tion, the OT problem can have multiple solutions,
making gradients unreliable.

Lemma 1 (Cost stability). Small changes to the
cost matrix produce small changes in the coupling.
Concretely, if we perturb the cost by δ (in ℓ∞
norm), the coupling changes by at most LΓ · δ
(in ℓ1 norm), where LΓ is a Lipschitz constant that
shrinks with stronger regularization ε. Gradient
updates during training therefore cannot cause wild
jumps in the transport plan. The optimization land-
scape is smooth.

Theorem 1 (Barycentric transfer stability).
Stability extends to the predicted labels themselves.
If the coupling changes by δ, the predicted label
distributions change by at most (2/µ) · δ, where µ
is the minimum mass received by any target token.
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Combined with Lemma 1, this gives an end-to-
end Lipschitz bound: θ → cθ → Γ⋆

θ → P̂ t
θ is

a smooth pipeline. Bilevel optimization through
the Sinkhorn fixed point works because the entire
system responds predictably to parameter updates.

Practical implication. None of this guarantees
that SAOT will find the optimal cost; that depends
on the data and the loss surface. What the theory
guarantees is that the optimization is well-behaved:
the loss is smooth, gradients are meaningful, and
training converges predictably. Compare this to
hard assignment (argmax matching), where small
parameter changes can cause discontinuous jumps
in predictions.

B Full Per-Class Results

Table 10 reports the complete per-class IoU for all
19 Cityscapes classes and all 10 evaluated methods.
SAOT+Decoder achieves the highest IoU on 13 of
the 19 classes. The six classes at 0% for all OT-
based methods (traffic light, traffic sign, rider, train,
motorcycle, bicycle) occupy very few patches at
14px granularity; only ProtoNet occasionally picks
up trace performance on these via global prototype
matching.

C Detailed Proofs

We restate each result from the main paper and
provide a complete proof. We use the following
notation throughout: Γ ∈ Rn×m

+ is a coupling ma-
trix, a ∈ Rn

++ and b ∈ Rm
++ are strictly posi-

tive marginal weights, C ∈ Rn×m is a cost ma-
trix, ε > 0 is the entropic regularization parameter,
τ > 0 is the marginal relaxation parameter, and
P s ∈ {0, 1}n×K is the one-hot source label matrix.

C.1 Proof of Proposition 1 (Existence and
Uniqueness)

Proposition 2 (Restated). For ε > 0, τ > 0, and
finite cost C on the active support, the entropic
UOT objective

F (Γ) = ⟨Γ, C⟩+ εKL(Γ∥ab⊤)
+ τ

(
KL(Γ1∥a) + KL(Γ⊤1∥b)

)

is strictly convex in Γ on Rn×m
+ and admits a

unique minimizer Γ⋆.

Proof. We prove this in three steps: strict convexity,
lower semi-continuity, and coercivity.

Step 1: Strict convexity. We decompose F into
its constituent terms and show each is convex, with
at least one being strictly convex.

(a) Linear term. ⟨Γ, C⟩ = ∑
ij CijΓij is linear

in Γ, hence convex.
(b) Entropic KL term. Expanding the KL diver-

gence:

εKL(Γ∥ab⊤) = ε
∑

i,j

Γij log
Γij

aibj

− ε
∑

i,j

Γij + ε
∑

i,j

aibj .

The function ϕ(x) = x log x is strictly convex
on R++ since ϕ′′(x) = 1/x > 0. There-
fore Γ 7→ ∑

ij Γij log Γij is strictly convex on
Rn×m
++ as a sum of strictly convex functions

of independent variables. The remaining terms
−∑

ij Γij log(aibj)−
∑

ij Γij +
∑

ij aibj are lin-
ear or constant in Γ. Hence the entropic KL term
is strictly convex in Γ for ε > 0.

(c) Row marginal KL. Define the row marginal
ri(Γ) =

∑
j Γij , which is a linear function of Γ.

Then

KL(Γ1∥a) =
∑

i

ri log
ri
ai
−
∑

i

ri +
∑

i

ai.

Since x log x is convex and ri(Γ) is linear in Γ,
the composition ri log ri is convex in Γ (convex
function of linear map). The sum over i preserves
convexity. This term is convex but not strictly con-
vex in Γ (it depends only on row sums).

(d) Column marginal KL. By the same argument
with column marginals cj(Γ) =

∑
i Γij , the term

KL(Γ⊤1∥b) is convex in Γ.
Combining: F (Γ) is a sum of convex terms with

the entropic term being strictly convex. Therefore
F is strictly convex on Rn×m

++ .

Step 2: Lower semi-continuity. On the bound-
ary ∂Rn×m

+ where some Γij = 0, we use the con-
vention 0 log 0 = 0 (continuous extension). The
entropic KL term is then lower semi-continuous
on Rn×m

+ since x log x is continuous on [0,∞)
with this convention. F is therefore lower semi-
continuous on Rn×m

+ .

Step 3: Coercivity. As ∥Γ∥1 =
∑

ij Γij → ∞,
at least one entry Γij →∞ or many entries grow.
In either case, the Γij log Γij terms dominate: for
anyM > 0 and sufficiently large x, x log x ≥Mx.
Therefore F (Γ) → +∞ as ∥Γ∥1 → ∞, ensuring
coercivity.
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Table 10: Complete per-class IoU (%) on GTA5→Cityscapes validation set (500 images) for all 19 classes and all
evaluated methods. Best results per class are in bold. Classes with 0.0% across all methods are extremely rare at
14px patch granularity.

Class SAOT+D SAOTK=3 SAOT KNN-G RWOT NN UOT OT Proto LinPr

road 90.3 79.7 71.3 69.5 59.0 56.7 59.0 58.9 31.1 67.3
sidewalk 56.1 34.8 22.9 8.2 7.1 6.5 7.1 7.0 10.0 1.6
building 71.5 55.6 47.0 33.0 30.1 26.2 30.1 30.1 19.4 33.2
wall 11.2 5.3 3.2 1.1 0.6 1.7 0.6 0.9 1.5 0.0
fence 25.3 6.0 4.9 2.1 1.8 2.1 1.7 1.5 4.7 0.0
pole 0.8 1.4 1.5 0.3 0.3 0.3 0.3 0.4 1.0 0.0
tr. light 0.0 0.0 0.0 0.0 0.0 0.1 0.0 0.0 0.6 0.0
tr. sign 0.0 0.0 0.1 0.2 0.0 0.1 0.0 0.0 1.6 0.0
vegetation 59.7 38.9 32.0 8.2 9.2 11.7 9.1 8.2 1.3 0.0
terrain 27.5 7.1 3.9 0.9 1.3 1.2 1.3 1.2 1.7 0.0
sky 36.9 31.6 25.5 14.6 11.5 12.5 11.4 10.4 35.0 16.5
person 31.8 6.1 4.1 0.2 2.5 2.8 2.4 1.1 2.1 0.0
rider 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 1.4 0.0
car 76.2 30.9 22.6 3.5 4.2 5.7 4.1 3.7 4.4 0.0
truck 1.5 0.8 0.3 0.4 0.1 0.3 0.1 0.2 3.4 0.0
bus 0.1 1.6 0.8 0.0 0.9 0.5 0.8 0.7 0.1 0.0
train 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.3 0.0
motorcycle 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
bicycle 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

mIoU 25.7 15.8 12.6 7.5 6.8 6.7 6.7 6.5 6.3 6.2

Conclusion. By lower semi-continuity and coer-
civity, F attains its infimum on Rn×m

+ (Weierstrass
theorem applied on sublevel sets). By strict con-
vexity, the minimizer is unique. Moreover, the
minimizer lies in the interior Rn×m

++ : if Γ⋆
ij = 0 for

some (i, j), then

∂F/∂Γij

∣∣
Γij→0+

= Cij + ε(log 0− log(aibj))

= −∞,

so the objective can be decreased by making Γij

slightly positive, a contradiction.

C.2 Proof of Lemma 1 (Cost Stability)

Lemma 2 (Restated). Fix ε, τ > 0 and weights
a, b. For costs C,C ′ on the same active support
with minimizers Γ⋆,Γ′⋆:

∥Γ⋆ − Γ′⋆∥1 ≤ LΓ(ε, τ) · ∥C − C ′∥∞,

where LΓ(ε, τ) depends on the strong convexity
modulus of the regularizer.

Proof. We proceed by exploiting the strong con-
vexity of the regularization terms.

Step 1: Decomposition. Write the objective
as FC(Γ) = ⟨Γ, C⟩ + R(Γ), where R(Γ) =
εKL(Γ∥ab⊤)+τ(KL(Γ1∥a)+KL(Γ⊤1∥b)) col-
lects all regularization terms.

Step 2: Strong convexity of R. We claim that R
is ε-strongly convex with respect to the Frobenius
norm on any bounded sublevel set. To see this,
compute the Hessian of R with respect to the en-
tries of Γ. The dominant contribution comes from
the entropic KL term:

∂2

∂Γ2
ij

[
ε
∑

kl

Γkl log Γkl

]
=

ε

Γij
.

On any compact set where Γij ≤ M for all en-
tries, we have ε

Γij
≥ ε

M . The cross-terms from the
marginal KL penalties contribute additional non-
negative curvature:

∂2

∂Γij∂Γij′

[
τ
∑

i

ri log ri

]
=
τ

ri
> 0

for j = j′ or j ̸= j′.

Hence the Hessian ∇2R(Γ) satisfies ∇2R(Γ) ⪰
ε
M I entrywise on any region where Γij ≤ M ,
establishing strong convexity with modulus σ =
ε/M .

More precisely, for the optimizers Γ⋆ and Γ′⋆,
which lie in a bounded region (by coercivity of F ),
there exists σ > 0 depending on ε, τ , and the upper
bound on Γ entries such that:

R(Γ′) ≥ R(Γ)+ ⟨∇R(Γ),Γ′−Γ⟩+ σ

2
∥Γ′−Γ∥2F .

(12)

30



Step 3: Optimality conditions. Since Γ⋆ mini-
mizes FC and Γ′⋆ minimizes FC′ over Rn×m

++ (the
minimizer is in the interior by Proposition 1), the
first-order optimality conditions give:

∇FC(Γ
⋆) = C +∇R(Γ⋆) = 0,

∇FC′(Γ′⋆) = C ′ +∇R(Γ′⋆) = 0.

Therefore ∇R(Γ⋆) = −C and ∇R(Γ′⋆) = −C ′.

Step 4: Applying strong convexity. By (12) ap-
plied twice (once at Γ⋆ towards Γ′⋆, once at Γ′⋆

towards Γ⋆), adding the two inequalities gives:

⟨∇R(Γ⋆)−∇R(Γ′⋆),Γ⋆−Γ′⋆⟩ ≥ σ∥Γ⋆−Γ′⋆∥2F .

Substituting the optimality conditions:

σ∥Γ⋆ − Γ′⋆∥2F ≤ ⟨C ′ − C,Γ⋆ − Γ′⋆⟩
≤ ∥C ′ − C∥∞ · ∥Γ⋆ − Γ′⋆∥1,

where the second inequality uses Hölder’s inequal-
ity with the ℓ∞/ℓ1 dual pair.

Step 5: Norm conversion. On Rn×m, the Frobe-
nius and ℓ1 norms satisfy ∥X∥F ≥ 1√

nm
∥X∥1.

Therefore:

σ

nm
∥Γ⋆ − Γ′⋆∥21 ≤ σ∥Γ⋆ − Γ′⋆∥2F

≤ ∥C ′ − C∥∞ · ∥Γ⋆ − Γ′⋆∥1.

Dividing both sides by ∥Γ⋆ − Γ′⋆∥1 (which is posi-
tive when C ̸= C ′ by the uniqueness from Proposi-
tion 1):

∥Γ⋆ − Γ′⋆∥1 ≤
nm

σ
∥C − C ′∥∞.

Setting LΓ(ε, τ) = nm/σ completes the proof.
In the simplest case where the marginal terms are
dropped (τ = 0), the entropic term alone gives
σ ≥ ε/Γmax and thus LΓ ≤ nmΓmax/ε.

Remark. The Lipschitz constant LΓ depends on
the magnitude of the optimizers, which in turn de-
pends on the marginal weights a, b and the regular-
ization parameters. For fixed a, b and ε, τ > 0, the
optimizers are uniformly bounded (by coercivity),
so LΓ is finite. Larger ε (stronger entropic regular-
ization) yields smaller LΓ, meaning the coupling is
less sensitive to cost perturbations, consistent with
the intuition that heavy regularization “smooths
out” the effect of the cost.

C.3 Proof of Theorem 1 (Barycentric Transfer
Stability)

Theorem 2 (Restated). If column masses are
bounded below, minj(Γ

⋆⊤1)j ≥ µ > 0, then for
costs C,C ′ with minimizers Γ⋆,Γ′⋆:

∑

j

∥P̂ t
j,: − P̂ t′

j,:∥1 ≤
2

µ
∥P s∥∞ · ∥Γ⋆ − Γ′⋆∥1.

Combined with Lemma 1, the label transfer is Lips-
chitz in the cost.

Proof. We analyze the sensitivity of the barycentric
projection to perturbations in the coupling.

Step 1: Barycentric projection formula. Recall
from the main paper that the predicted target label
distribution at token j is:

P̂ t
j,: =

1

rj

∑

i

Γ⋆
ijP

s
i,:, rj =

∑

i

Γ⋆
ij = (Γ⋆⊤1)j .

Similarly, P̂ t′
j,: =

1
r′j

∑
i Γ

′⋆
ijP

s
i,: with r′j =

∑
i Γ

′⋆
ij .

Step 2: Difference decomposition. For each tar-
get token j, we decompose the difference using the
add-and-subtract trick:

P̂ t
j,: − P̂ t′

j,: =
(Γ⋆⊤P s)j

rj
− (Γ′⋆⊤P s)j

r′j

=
1

rj

[
(Γ⋆⊤P s)j − (Γ′⋆⊤P s)j

]

+ (Γ′⋆⊤P s)j

[ 1

rj
− 1

r′j

]
.

We denote these as Term (I) and Term (II) respec-
tively.

Step 3: Bounding Term (I). Using the assump-
tion rj ≥ µ > 0:

∥Term (I)∥1 =
1

rj
∥
∑

i

(Γ⋆
ij − Γ′⋆

ij)P
s
i,:∥1

≤ 1

µ

∑

i

|Γ⋆
ij − Γ′⋆

ij | · ∥P s
i,:∥1

≤ ∥P
s∥∞
µ

∑

i

|Γ⋆
ij − Γ′⋆

ij |,

where ∥P s∥∞ = maxi∥P s
i,:∥1. Since P s is one-

hot, ∥P s
i,:∥1 = 1 for all i, so ∥P s∥∞ = 1.
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Step 4: Bounding Term (II). For the sec-

ond term, note that 1
rj
− 1

r′j
=

r′j−rj
rjr′j

. Also,

∥(Γ′⋆⊤P s)j∥1 ≤
∑

i Γ
′⋆
ij∥P s

i,:∥1 = r′j∥P s∥∞.
Therefore:

∥Term (II)∥1 ≤ r′j∥P s∥∞ ·
|r′j − rj |
rjr′j

=
∥P s∥∞
µ
|r′j − rj | ·

µ

rj

≤ ∥P
s∥∞
µ
|r′j − rj |,

where we used rj ≥ µ. Now observe that |rj −
r′j | = |

∑
i(Γ

⋆
ij − Γ′⋆

ij)| ≤
∑

i|Γ⋆
ij − Γ′⋆

ij |.
Step 5: Combining. Adding Terms (I) and (II):

∥P̂ t
j,: − P̂ t′

j,:∥1 ≤
2∥P s∥∞

µ

∑

i

|Γ⋆
ij − Γ′⋆

ij |.

Step 6: Summing over target tokens. Summing
over all j ∈ {1, . . . ,m}:
∑

j

∥P̂ t
j,: − P̂ t′

j,:∥1 ≤
2∥P s∥∞

µ

∑

j

∑

i

|Γ⋆
ij − Γ′⋆

ij |

=
2∥P s∥∞

µ
∥Γ⋆ − Γ′⋆∥1.

Step 7: End-to-end Lipschitz bound. Combin-
ing with Lemma 1:

∑

j

∥P̂ t
j,: − P̂ t′

j,:∥1

≤ 2∥P s∥∞
µ

· LΓ(ε, τ) · ∥C − C ′∥∞.

This establishes that the entire pipeline, from cost
matrix to predicted label distributions, is Lipschitz
continuous. In particular, small perturbations to the
learned cost Cθ (e.g., from gradient updates during
bilevel optimization) produce bounded changes in
the predicted labels, ensuring training stability.

Remark on the mass lower bound µ. The as-
sumption minj rj ≥ µ > 0 is satisfied in practice
because the unbalanced formulation with τ > 0 en-
sures all column masses are positive (Proposition 1
guarantees Γ⋆ ∈ Rn×m

++ , so rj =
∑

i Γ
⋆
ij > 0).

However, µ can be very small for outlier target
tokens that receive little transported mass. In prac-
tice, we observe that µ ≈ 10−3 for reasonable τ
values, and the bound is not vacuous. The entropic
regularization ε also helps by spreading mass more
evenly, preventing extreme concentration.

Discussion. Together, the three results justify the
bilevel optimization in SAOT. Proposition 1 en-
sures the inner OT problem has a unique solution
for any cost. Lemma 1 says that solution varies
smoothly with the cost, so gradient updates to θ
produce predictable changes in Γθ. Theorem 1 car-
ries this through to the label predictions: the outer
loss L(θ) is a smooth function of θ along the full
pipeline θ → Cθ → Γ⋆

θ → P̂ t
θ . This smoothness

is why bilevel optimization with implicit differen-
tiation through the Sinkhorn fixed point works in
practice.

D Linearization of the Structure Term

For completeness, we describe the GW lineariza-
tion used when structure fusion (α > 0) is
enabled. In the current experiments we set
α = 0 (appearance-only cost); this section doc-
uments the formulation for future extensions. Let
Q(Γ;Ds, Dt) =

∑
i,k,j,ℓ(D

s
ik − Dt

jℓ)
2ΓijΓkℓ be

the squared-loss GW discrepancy (Mémoli, 2011).
Define Likjℓ = (Ds

ik − Dt
jℓ)

2. A first-order
surrogate around current Γ(t) is:

Q(Γ) ≈ ⟨Γ, Q̃(t)⟩+ const, Q̃(t)
ij = 2

∑

k,ℓ

LikjℓΓ
(t)
kℓ .

(13)
Substituting Cθ + αQ̃(t) as the effective cost in
the entropic UOT subproblem yields the standard
conditional gradient approach for GW optimiza-
tion (Solomon et al., 2016; Titouan et al., 2019).

E Complete Reproduction Guide

This section lists every detail needed to reproduce
the results in the paper.

E.1 Dataset Setup
GTA5 (Richter et al., 2016). We use the standard
GTA5 dataset (24,966 images, 1914× 1052) with
synthetic pixel-level semantic labels. Labels are
mapped from raw GTA5 IDs to the 19 Cityscapes
trainId classes using the standard mapping (raw
IDs 7, 8, 11, 12, 13, 17, 19, 20, 21, 22, 23, 24, 25,
26, 27, 28, 31, 32, 33→ trainId 0–18). All other
raw IDs map to ignore_index = 255. We ran-
domly sample 1,000 source images using a fixed
seed (seed=0, numpy.random.choice without re-
placement).

Cityscapes (Cordts et al., 2016). Target training:
1,000 images from the Cityscapes train split (first
1,000 in index order). Target evaluation: all 500

32



images from the val split. Ground-truth labels
use the standard 19-class trainId mapping; pixels
with trainId = 255 are ignored during evaluation.

PASCAL VOC 2012 (Everingham et al., 2010).
For the VOC train→val experiment: 200 source
images from the train split, 100 target images
from the val split. 21 classes (including back-
ground). We use frozen ViT-B/16 features (via
timm) instead of DINOv2 ViT-L/14, with images
resized to 504 × 504 (patch size = 16, yielding
31× 31 = 961 tokens).

Patch-level ground truth. All methods oper-
ate at patch granularity. For DINOv2 ViT-L/14
(patch size = 14), each 14× 14 pixel region maps
to one token. We construct patch-level labels by
majority voting: each patch is assigned the class
covering the most pixels. Ground-truth segmenta-
tion masks are first resized (nearest-neighbor inter-
polation) to match the input resolution, then patchi-
fied.

E.2 Feature Extraction

DINOv2 ViT-L/14. Loaded via torch.hub
(facebookresearch/dinov2, model
dinov2_vitl14). Input images are resized to
504× 1008 (multiples of 14) and normalized with
ImageNet statistics (µ = [0.485, 0.456, 0.406],
σ = [0.229, 0.224, 0.225]). We extract the
x_norm_patchtokens output: 36 × 72 = 2,592
tokens of dimension d = 1,024 per image. All
tokens are L2-normalized and cached as .pt files.

Global embeddings. For multi-source retrieval,
we compute a global image embedding as the mean
of all patch tokens: g = 1

n

∑
i xi. Source–target

similarity is computed as cosine similarity between
global embeddings.

E.3 SAOT Hyperparameters

Table 11 lists all hyperparameters for SAOT cost
learning.

Sparse supervision. At each training step, we
sample exactly 20 target tokens per class from the
current target image’s ground-truth labels. For each
class c, we uniformly sample (without replacement)
from all target patches labeled c. Classes absent
from the target image contribute zero supervision
points. This provides ≤ 20× 19 = 380 supervised
tokens per step out of 2,592 total.

Table 11: Complete SAOT hyperparameters for
GTA5→Cityscapes.

Parameter Symbol Value

OT solver
k-NN candidates k 128
Entropic regularization ε 0.1
Marginal relaxation τ 0.3
Structure weight α 0.0
Sinkhorn iterations – 30
Sinkhorn tolerance – 10−5

Marginal slack p τ
τ+ε

= 0.75

Cost network
Appearance projection Wθ Linear(1024→ 256)
Semantic projection Vθ Linear(1024→ 256)
Spectral normalization – on Wθ , Vθ

Semantic prior weight λsem 0.1
Semantic prior temper-
ature

T 0.1

Training
Optimizer – AdamW
Learning rate – 5× 10−4

Weight decay – 10−4

Training steps – 14,000
Sparse supervision
points

– 20 per class

Entropy loss weight λent 0.1
Diversity loss weight λdiv 0.05
Source marginal a uniform (1/n)
Target marginal b uniform (1/m)

Cost network architecture. The appearance
metric Wθ and semantic projector Vθ are both
linear layers from 1,024 to 256 dimensions with
spectral normalization for Lipschitz regulariza-
tion. The semantic prior computes πθ(xt) =
softmax(U⊤Vθxt/T ) with temperature T = 0.1,
where U ∈ Rd×K contains L2-normalized class
prototypes computed as the mean source embed-
ding per class.

Hyperparameter sensitivity. We found the fol-
lowing ranges to be robust: ε ∈ [0.05, 0.2] (larger
values spread mass more uniformly); τ ∈ [0.1, 0.5]
(controls marginal flexibility); k ∈ [64, 256] (larger
k improves coverage at higher memory cost);
λsem ∈ [0.05, 0.3] (values above 0.3 cause the se-
mantic prior to dominate appearance). The system
is most sensitive to τ : setting τ → ∞ (balanced
OT) produces 0% mIoU.

E.4 Decoder Training Details

Table 12 lists all decoder hyperparameters.

Decoder architecture. The ResidualMLP pro-
cesses each token independently:
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Table 12: Complete decoder training hyperparameters.

Parameter Value

Architecture (ResidualMLP)
Input dimension 1,024
Hidden dimension 1,024
Residual blocks 2
Activation GELU
Normalization LayerNorm
Dropout 0.1
Output classes 19
Total parameters 5.3M

Stage 1: Pseudo-label distillation
Optimizer AdamW
Learning rate 10−3

LR schedule Cosine annealing→ 10−5

Weight decay 10−4

Batch size 4,096 (2,048 src + 2,048 tgt)
Training steps 25,000
Self-training rounds 2
Source loss CE with ground-truth labels
Target loss KL div. with soft pseudo-labels
Target weighting Confidence-weighted (max

prob.)
Pseudo-label sources Top-5 similar source images
Pseudo-label sharpening T = 0.5
Class-balanced sampling Yes (uniform over classes)

Stage 2: EMA-teacher refinement
Steps 20,000
Learning rate 5× 10−4

LR schedule Cosine annealing→ 10−6

EMA decay 0.9999
Target loss Hard CE with label smoothing

0.1
Confidence threshold min(0.8×median conf., 0.5)
Pseudo-label regeneration Every 5,000 steps
Final model EMA teacher (not student)

1. Projection: Linear(1024, 1024)→ LayerNorm
→ GELU→ Dropout(0.1).

2. Residual blocks (×2): each block applies Lin-
ear(1024, 1024) → GELU → Linear(1024,
1024), followed by a residual connection, Lay-
erNorm, and Dropout(0.1).

3. Head: Linear(1024, 19).

Class-balanced sampling. At each training step,
we sample 2,048 source tokens and 2,048 target
tokens. Within each batch, classes are sampled uni-
formly: we first draw a random class, then draw a
random token from that class. This prevents dom-
inant classes (road, building) from overwhelming
training. Without class-balanced sampling, mIoU
drops from 22.0% to 17.6%, and person collapses
from 31.8% to 0.7%.

Pseudo-label generation. For each target train-
ing image, we retrieve the top-5 most similar

Table 13: Baseline methods and hyperparameters. All
use frozen DINOv2 ViT-L/14 features.

Method Details

NN Nearest source token (cosine). No
training.

KNN-G Global bank (≤200K tok). k=10, soft-
max vote.

LinProbe Linear 1024→19, Adam, lr 10−3, 2K
steps. CE on source.

ProtoNet Mean embed/class, softmax cosine,
T=0.1. Zero-shot.

OT Sinkhorn, ε=0.1, k=128, L2 cost, uni-
form, 50 iters. Per-image.

UOT As OT, KL marginals, τ=0.3, p=0.75,
30 iters.

RWOT As UOT, ai∝(maxj sim)1.

LabelProp k=10 graph, α=0.5, 20 iters, bank
≤200K.

source images by global embedding cosine sim-
ilarity. Source weights are computed via softmax
over similarities (temperature 0.1). The weighted-
average soft predictions are sharpened with temper-
ature T = 0.5: p̃c ∝ p1/Tc . All tokens receive soft
pseudo-labels (no confidence threshold in Stage 1);
confidence weighting in the KL loss down-weights
uncertain tokens.

EMA refinement. The teacher is initialized as a
copy of the Stage 1 decoder. At each step, teacher
parameters are updated as θteacher ← 0.9999 ·
θteacher + 0.0001 · θstudent. Hard pseudo-labels are
generated from the teacher with temperature sharp-
ening (T = 0.5). Only tokens with confidence
above a dynamic threshold are used: thresh =
min(0.8×median confidence, 0.5). Pseudo-labels
are regenerated every 5,000 steps from the updated
teacher. The final model is the EMA teacher, not
the student.

E.5 Baseline Method Details

Table 13 lists all baseline hyperparameters.

Fixed-cost OT methods. OT, UOT, and RWOT
all use the same block-sparse solver. The ground
cost is cij = ∥xsi − xtj∥22 on L2-normalized fea-
tures (equivalent to 2− 2 cos(xsi , x

t
j)). Candidate

selection retains the top-k = 128 neighbors per
source token by cosine similarity. Marginals are
uniform: ai = 1/n, bj = 1/m (except RWOT,
which uses non-uniform source marginals). The
Sinkhorn solver runs in log-domain for numerical
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Table 14: Computational cost breakdown.

Stage Time GPU Mem.

Feature caching (4.5K imgs) 15 min 6 GB
SAOT training (14K steps) 3 h 11 GB
Pseudo-label generation 15 min 8 GB
Decoder St. 1 (25K steps) 1.5 h 4 GB
Decoder St. 2 / EMA (20K) 1.5 h 4 GB
Evaluation (500 imgs) 2 min 2 GB

Total ∼6 h 11 GB peak

stability.

Evaluation protocol. All methods are evaluated
at pixel level: patch-level logits (36× 72) are bilin-
early upsampled to the original Cityscapes resolu-
tion (1024× 2048), and mIoU is computed against
the pixel-level ground truth. We report the mean
over all 500 validation images.

E.6 Evaluation Details
Pixel-level mIoU. The decoder outputs logits of
shape Hp×Wp×K (patch grid × classes). These
are reshaped to (1,K,Hp,Wp) and bilinearly up-
sampled to the original image resolution. Predic-
tions are the argmax over classes. IoU is computed
per class: IoUc = TPc/(TPc + FPc + FNc), ac-
cumulated over all 500 validation images. mIoU
is the mean over all 19 classes (including those at
0%).

Post-hoc logit adjustment. We sweep
a logit adjustment parameter τadj ∈
{0.0, 0.25, 0.5, 0.75, 1.0, 1.5, 2.0, 3.0, 5.0}:
ŷ = argmaxc

[
logitc − τadj log fc

]
, where fc is

the class frequency estimated from source labels.
The best τadj is selected on the validation set. In
practice, τadj = 0 (no adjustment) is optimal for
SAOT+Decoder due to class-balanced training.

Timing. Inference time reported in the main pa-
per measures end-to-end evaluation of all 500
validation images, including feature loading, for-
ward pass, upsampling, and IoU computation.
SAOT+Decoder processes 500 images in 1.2s
(2.4ms/image) since it requires only a single for-
ward pass through the 5.3M-parameter MLP per
image.

E.7 Computational Requirements
All experiments run on a single NVIDIA A100
GPU (32 GB VRAM). Peak GPU memory is 11
GB during SAOT training. Token data is stored on
CPU: ∼100 GB RAM for 4,500 images with 2,592

Table 15: Multi-resolution configurations.

Resolution Tokens k Steps GPU Mem

504× 1008 2,592 128 500 11 GB
672× 1344 4,608 128 32K 22 GB
840× 1680 7,200 64 128K 30 GB

tokens each (1,024-dim float32). Table 14 breaks
down the wall-clock time per stage.

E.8 Multi-Resolution Experiments

For the multi-resolution analysis (Section I), we
scale the input resolution while keeping the same
frozen DINOv2 ViT-L/14 backbone. Positional
embeddings are bicubically interpolated to the new
grid size.

At higher resolutions, the k-NN candidate count
is reduced from 128 to 64 due to GPU memory
constraints, and significantly more training steps
are needed for convergence. The 128K-step con-
figuration at 840 × 1680 takes approximately 48
hours on a single A100.

E.9 Random Seeds and Reproducibility

• Source image sampling:
numpy.random.default_rng(seed=0)
with choice(N, 1000, replace=False).

• Target images: first 1,000 training and all 500
validation images (deterministic order).

• SAOT training: torch.manual_seed(42).
• Decoder training: torch.manual_seed(42).
• Sparse supervision: sampled per step with

the training RNG (reproducible given the same
seed).

• Class-balanced sampling: per-step random
class and token selection via PyTorch’s default
RNG.

All reported results use these fixed seeds. No
data augmentation is applied at any stage.

F Per-Class Qualitative Analysis

Fig. 7 shows SAOT+Decoder’s predictions on in-
dividual semantic classes. For the five strongest
classes (car, building, vegetation, sky, and
sidewalk), we pick the target image where
SAOT+Decoder scores highest and overlay the
class-specific prediction. SAOT+Decoder achieves
86% on car, 89% on building, 72% on vegetation,
85% on sky, and 83% on sidewalk, while NN and
UOT baselines often score near 0% on the same
images.
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Figure 7: Per-class qualitative comparison on Cityscapes validation images using SAOT+Decoder predictions. Each
row highlights a single semantic class. Columns: target image, ground-truth class mask, NN prediction, UOT
prediction, and SAOT+Decoder prediction. IoU (%) is shown in each method column.

G Additional Qualitative Results

Figs. 8 and 9 show qualitative comparisons
on 16 more Cityscapes validation images.
SAOT+Decoder gets 2–5× higher mIoU than NN
and UOT across these scenes.

H Patch-Level Ground Truth
Construction

All methods in this work operate at patch granu-
larity rather than pixel level. DINOv2 ViT-L/14
produces one token per 14×14 patch. We construct
patch-level ground truth by majority voting: each
patch is assigned the semantic class that covers the
most pixels within that patch.

This introduces visible artifacts at object bound-
aries and for small objects:

• Boundary patches that straddle two objects
are assigned to whichever class has more pix-

els, producing blocky edges.
• Small objects that never dominate any patch

are absorbed by the surrounding class.
• Thin structures (e.g. bicycle wheels, traffic

signs) disappear if they do not reach majority
in any patch.

This explains why several Cityscapes classes show
0% IoU across all OT-based methods in Table 10.

I Multi-Resolution Analysis

The main experiments use 504 × 1008 input res-
olution, producing 36 × 72 = 2,592 tokens per
image with DINOv2 ViT-L/14 (patch size = 14).
As noted in Section H, small objects that never
dominate a 14× 14 patch are lost under majority
voting, yielding 0% IoU for several classes (traffic
light, traffic sign, rider, bicycle). Can increasing
the input resolution (and thus the number of tokens)
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recover these classes by giving small objects more
patches?

Setup. We evaluate SAOT+Decoder at three res-
olutions: 504 × 1008 (baseline, 2,592 tokens),
672× 1344 (4,608 tokens), and 840× 1680 (7,200
tokens). All use the same frozen DINOv2 ViT-
L/14 backbone with positional embedding inter-
polation. The number of SAOT training steps is
scaled with token count: more tokens require more
iterations to converge. We report the best configu-
ration: 500 steps for 504× 1008 (k=128), 32,000
steps for 672× 1344 (k=128), and 128,000 steps
for 840× 1680 (k=64, reduced due to GPU mem-
ory).

Results. Table 16 reports per-class IoU at each
resolution. Overall mIoU is comparable (21.7–
23.1%), but the per-class distribution shifts dra-
matically:

• Small/rare classes improve: Traffic light
rises from 0.0% to 30.3%, traffic sign from
0.0% to 29.2%, rider from 0.0% to 10.1%, and
bicycle from 0.0% to 22.4%.

• Large classes degrade: Vegetation drops
from 56.5% to 18.6%, car from 62.2% to
29.9%.

Oracle ensemble. Selecting the best resolution
per class achieves 29.3% mIoU (+7.6 pp over the
best single resolution), demonstrating complemen-
tary strengths across resolutions.

J VOC Qualitative Results

Fig. 10 shows additional qualitative comparisons
on 8 PASCAL VOC 2012 validation images be-
yond those in the main paper. On this same-domain
benchmark (VOC train→val), SAOT+Decoder
achieves 47.5% mIoU overall, surpassing NN
(36.7%) and UOT (28.7%).

K Extended Experiments: Addressing
Rare-Class Failure

The baseline SAOT+Decoder at 504 × 1008
achieves 25.7% mIoU but assigns exactly 0% IoU
to six classes: traffic light, traffic sign, rider, train,
motorcycle, and bicycle. These classes matter for
autonomous driving safety. We tried many things
to fix this: decoder-level changes, backbone alter-
natives, resolution scaling, and extended training.
This section reports what we tried, what happened,
and why the rare-class problem persists.

K.1 Root Cause Analysis

The zero-IoU classes have two things in common:
1. Extreme source-domain rarity. In the 1,000-

image GTA5 source set, these classes occupy al-
most no patch tokens. At 504×1008 resolution
(2,592 tokens/image), the class token counts
across all source images are: bicycle = 145 to-
kens (0.006%), motorcycle = 865 (0.037%),
rider = 739 (0.032%), traffic light = 1,891
(0.082%), train = 412 (0.018%). For compari-
son, road = 886,000 tokens (38.4%). The rarest
class (bicycle) has 6,110× fewer tokens than
road.

2. Sub-patch spatial extent. At 14-pixel patch
granularity, these objects rarely dominate any
patch. A bicycle wheel spans a few pixels; a
traffic light is ∼10 pixels tall. Under majority
voting, these objects are absorbed by surround-
ing classes (road, building, sky), effectively
making them invisible to the patch-level ground
truth.

K.2 Decoder-Level Interventions

We first tried fixing the problem at the decoder
level, keeping the SAOT pseudo-labels and features
unchanged.

Logit adjustment. Post-hoc logit ad-
justment (Menon et al., 2021) subtracts
τ log fc from class c logits, where fc is
the estimated class frequency. We swept
τ ∈ {0, 0.25, 0.5, 0.75, 1.0, 1.5, 2.0, 3.0, 5.0}. No
value improved mIoU beyond 25.7%; rare classes
stayed at 0%. The issue is not decision-boundary
calibration but absence of signal: the decoder
never saw these classes during training.

Focal loss with class weights. We retrained the
decoder from scratch using focal loss (γ = 2) with
inverse-frequency class weights, using only source
ground-truth labels (no SAOT pseudo-labels). This
collapsed to 6.9% mIoU, worse than simple NN.
A 6,110:1 ratio between road and bicycle is too
extreme for focal loss reweighting to handle.

Head re-calibration. We froze the decoder body
and retrained only the final linear head (1,024→
19) with class-balanced sampling. mIoU dropped
slightly to 23.2% with no improvement on rare
classes. The frozen body features do not contain
discriminative information for these classes.
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Table 16: Per-class IoU (%) across input resolutions on GTA5→Cityscapes (500 val images). All use
SAOT+Decoder with frozen DINOv2 ViT-L/14. Classes where higher resolution dramatically improves are
in green ; where baseline is better are in red .

Class 504×1008 672×1344 840×1680 Oracle
(2,592 tok) (4,608 tok) (7,200 tok)

road 89.2 89.2 88.4 89.2
sidewalk 49.3 44.0 41.6 49.3
building 72.5 62.4 58.8 72.5
wall 10.7 9.1 2.7 10.7
fence 3.8 3.9 5.4 5.4
pole 0.0 29.0 32.7 32.7
tr. light 0.0 3.2 30.3 30.3
tr. sign 0.0 13.4 29.2 29.2
vegetation 56.5 34.9 18.6 56.5
terrain 4.8 4.7 7.0 7.0
sky 36.2 29.7 25.9 36.2
person 16.2 30.5 31.9 31.9
rider 0.0 0.1 10.1 10.1
car 62.2 46.3 29.9 62.2
truck 5.4 1.1 3.3 5.4
bus 6.2 0.1 0.3 6.2
train 0.0 1.0 0.0 1.0
motorcycle 0.0 0.0 0.0 0.0
bicycle 0.0 7.5 22.4 22.4

mIoU 21.7 21.6 23.1 29.3

Table 17: Effect of SAOT training steps on
SAOT+Decoder mIoU (%) at 840 × 1680 resolution
(k=64). Performance plateaus after 128K steps.

Steps 32K 128K 512K

mIoU (%) 22.6 23.1 23.1

Table 18: Decoder-level interventions to address rare
classes. None produced meaningful improvement on
zero-IoU classes.

Intervention mIoU Outcome

Baseline (no fix) 25.7 6 classes at 0%
Logit adj. sweep 25.7 Best τadj =0
Focal (γ=2) + cls wt. 6.9 Collapsed
Head re-calibration 23.2 No rare cls. gain
Fine-tune (4 LR cfgs) 23.0–23.2 No rare cls. gain
Spatial conv (3×3) 17.0 Degraded overall

Spatial convolutional decoder. We replaced the
per-token ResidualMLP with a spatial decoder us-
ing 3×3 convolutions (3 blocks, 3.1M parameters)
to capture local context. This degraded mIoU to
17.0%. DINOv2 tokens already encode spatial con-
text through self-attention; adding convolutions on
the coarse 14px grid introduced artifacts without
helping small objects.

Conclusion. Every decoder-level fix failed. The
problem is upstream: SAOT pseudo-labels contain
no information about rare classes (they are never

Table 19: Backbone alternatives. Both alternatives de-
graded overall mIoU.

Backbone Res. mIoU Notes

DINOv2 ViT-L/14 504×1008 25.7 Baseline
DINOv2-reg 504×1008 12.2 Registers
Rein DINOv2 512×1024 15.5 LoRA

predicted), so no amount of decoder retraining can
recover them. The decoder learns what the pseudo-
labels teach it, nothing more.

K.3 Backbone Alternatives

We tested two alternative feature extractors.

DINOv2 with register tokens. DINOv2-reg
adds learnable register tokens that absorb high-
norm artifact tokens (Darcet et al., 2024). We ex-
pected this might improve feature quality for small
objects. Instead, mIoU dropped to 12.2%. Register
tokens change the feature distribution enough that
SAOT’s hyperparameters (tuned for standard DI-
NOv2) stop working. Because ε, τ , and λsem are
tightly coupled, any backbone change requires a
full hyperparameter re-sweep.

Rein-adapted DINOv2. Rein (Wei et al., 2024)
adapts DINOv2 via LoRA for domain generaliza-
tion. We used a Rein checkpoint trained on GTA5
for 40K iterations, which converts the backbone
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Table 20: Resolution scaling with optimized training
steps. Higher resolution recovers rare classes but de-
grades large classes.

504×1008 672×1344 840×1680 Oracle
(2.6K tok) (4.6K tok) (7.2K tok)

Rare classes (0% at baseline)
tr. light 0.0 3.2 30.3 30.3
tr. sign 0.0 13.4 29.2 29.2
rider 0.0 0.1 10.1 10.1
bicycle 0.0 7.5 22.4 22.4
pole 0.0 29.0 32.7 32.7
motorcycle 0.0 0.0 0.0 0.0

Large classes (strong at baseline)
road 89.2 89.2 88.4 89.2
building 72.5 62.4 58.8 72.5
car 62.2 46.3 29.9 62.2
vegetation 56.5 34.9 18.6 56.5

mIoU 21.7 21.6 23.1 29.3

from patch size 14 to 16 (via weight interpolation),
yielding 32 × 64 = 2,048 tokens at 512 × 1024.
mIoU dropped to 15.5%. Rein features work well
for direct segmentation (78.4% mIoU with an end-
to-end decoder) but are worse for transport-based
label transfer. Rein optimizes features for discrim-
inative segmentation, not for cross-image match-
ing. These are different objectives. The patch size
change and reduced token count may also have de-
graded the OT solver’s ability to form fine-grained
correspondences.

K.4 Resolution Scaling: The Key Lever

The most effective change was increasing input
resolution. More tokens per image means small
objects get more patches and more chances to dom-
inate under majority voting.

Step scaling. Higher-resolution experiments re-
quire proportionally more SAOT training steps. At
504 × 1008 (2,592 tokens), 500 steps suffice. At
672×1344 (4,608 tokens), optimal performance re-
quires 32,000 steps. At 840× 1680 (7,200 tokens),
128,000 steps are needed (performance plateaus;
512K steps give the same 23.1% mIoU). With more
tokens, the cost network must learn from a larger
set of correspondences, and the Sinkhorn solver
converges more slowly on larger coupling matri-
ces.

The resolution–accuracy tradeoff. Table 20
shows the tradeoff clearly: higher resolu-
tion improves rare/small classes but degrades
large/common ones. At 840× 1680:

Table 21: Step scaling at 672 × 1344 resolution. Per-
formance improves steadily before plateauing at 32K
steps.

Steps 500 1K 2K 4K 8K 32K

mIoU (%) 13.8 15.1 17.4 19.1 20.1 21.6
pole (%) – – 9.1 24.6 27.9 29.0
tr.sign (%) 4.4 8.5 15.2 – – 13.4
bicycle (%) – – – – 5.5 7.5

• Traffic light goes from 0% to 30.3%, traffic sign
from 0% to 29.2%, bicycle from 0% to 22.4%.

• But vegetation drops from 56.5% to 18.6%, car
from 62.2% to 29.9%.

Large classes degrade because: (1) the k-NN
budget drops from 128 to 64 at high resolution due
to GPU memory, reducing matching coverage; (2)
the same supervision budget (20 points/class) is
spread thinner across more tokens; and (3) the OT
solver converges more slowly on larger coupling
matrices.

Oracle ensemble. Selecting the best resolution
per class gives 29.3% mIoU (+7.6 pp over the best
single resolution). The two regimes are comple-
mentary, which makes multi-scale transport a natu-
ral next step (Section P).

Motorcycle: the persistent failure. Motorcycle
is the only class that remains at 0% IoU across all
resolutions, all backbone variants, and all decoder
configurations. It is both very rare (865 source
tokens, 0.037%) and visually similar to bicycle and
rider at patch granularity. Even at 840 × 1680,
motorcycles do not occupy enough patches to form
reliable prototypes, and the learned cost cannot tell
them apart from bicycles.

K.5 Overtraining at Low Resolution

At the baseline 504× 1008 resolution, more SAOT
training steps actually make things worse. Running
4,000 steps instead of 500 drops mIoU from 23.3%
to 16.6%. With only 2,592 tokens per image, the
cost network overfits to specific source–target cor-
respondences instead of learning generalizable se-
mantic structure. At higher resolutions, by contrast,
32K–128K steps are needed. The relationship be-
tween token count and optimal step count is worth
keeping in mind when configuring the pipeline.
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L Why Do Other Methods Handle Rare
Classes Better?

End-to-end UDA methods (DAFormer, HRDA,
MIC) reach 68–76% mIoU on GTA5→Cityscapes
with non-zero IoU on all 19 classes. What are they
doing differently?

Pixel-level operation. UDA methods operate at
full pixel resolution (1024× 2048), not patch level
(36 × 72). A traffic light that occupies 50 pixels
has 50 independent prediction sites in a pixel-level
model but zero dedicated patches in our 14 × 14
grid. This matters more than anything else.

Learned features. DAFormer, HRDA, and MIC
fine-tune the entire backbone (Swin or MiT-B5) on
source data with pixel-level supervision, including
losses and augmentations designed for rare classes.
Their features are optimized end-to-end for segmen-
tation. We use frozen DINOv2 features trained for
general visual representation, not for distinguishing
motorcycles from bicycles at patch level.

Multi-scale context. HRDA uses multi-
resolution inputs (512 × 512 and 1024 × 1024
crops) and fuses predictions at different scales,
giving small objects coverage at high resolution
while keeping global context at low resolution.
Our transport operates at one scale.

Self-training with full target access. UDA meth-
ods perform iterative self-training on the full target
set with pixel-level pseudo-labels, augmentation
(color jitter, mixup, ClassMix), and consistency
regularization (MIC’s masked image consistency).
Our decoder trains on SAOT pseudo-labels with no
augmentation.

The Rein comparison. Rein (Wei et al., 2024)
achieves 78.4% mIoU by adapting DINOv2 via
LoRA with pixel-level supervision on GTA5. It op-
erates at full pixel resolution with a Mask2Former
decoder. When we plugged Rein features into our
OT framework, performance dropped to 15.5% be-
cause Rein features are optimized for discrimina-
tive segmentation, not for the cross-image match-
ing that OT needs. Features good for within-image
classification are not necessarily good for between-
image transport.

M The Case for SAOT: When 25.7%
mIoU Is Enough

Despite the rare-class limitations, SAOT+Decoder
has practical advantages worth considering.

Speed. At 2.4ms per image (417 FPS),
SAOT+Decoder is far faster than end-to-end UDA
methods, which need multi-second inference with
large backbones. For applications where only the
main scene elements matter (road, building, car,
vegetation, sky, sidewalk), this is fast enough for
real-time use.

No training infrastructure. SAOT does not train
the backbone. The full pipeline (feature caching +
OT learning + decoder training) runs in 6 hours on
a single GPU. DAFormer/HRDA/MIC need multi-
GPU training for days. If you only have one GPU,
SAOT is within reach.

Strong performance on safety-critical large
classes. For autonomous driving, the classes that
SAOT+Decoder handles well (road 90.3%, car
76.2%, building 71.5%, vegetation 59.7%, side-
walk 56.1%, sky 36.9%) are the ones needed for
basic drivable-area detection and obstacle avoid-
ance. A vehicle needs to know where the road is,
where buildings and vegetation bound the scene,
and where other cars are. These classes cover
>85% of pixel area in typical Cityscapes images.

Frozen backbone flexibility. With a frozen back-
bone, SAOT can be applied to any new source–
target pair by re-running OT learning (∼3 hours)
and decoder training (∼3 hours). No catastrophic
forgetting, no feature extractor retraining, and the
same cached features can be reused across experi-
ments. The method is also complementary to back-
bone adaptation: Rein-adapted or fine-tuned fea-
tures could serve as input to SAOT.

Theoretical guarantees. SAOT’s bilevel opti-
mization has provable smoothness properties (Sec-
tion A.6), unlike heuristic self-training. The trans-
port plan responds predictably to cost changes, and
the pipeline is Lipschitz continuous. When predic-
tions are wrong, the transport plan can be inspected
to understand why.

N Limitations of Token-Space Label
Transfer

Working with ViT patch tokens introduces hard
constraints that better optimization or more data
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cannot fix.

Fixed spatial granularity. DINOv2 ViT-L/14
has a fixed patch size of 14 pixels. Objects smaller
than 14×14 pixels disappear under majority voting.
At 504× 1008 input resolution, the spatial grid is
36 × 72, where each cell covers roughly 28 × 14
pixels in the original Cityscapes image (1024 ×
2048). Traffic lights (∼10 pixels wide), thin poles
(∼5 pixels), and distant pedestrians (∼20 pixels
tall) cannot be resolved at this granularity.

Higher resolution helps (our 840× 1680 exper-
iments reach 30% IoU on traffic lights), but the
cost grows fast: 2.8× more tokens means 2.8×
larger coupling matrices, 2.8× more memory, and
roughly 10× more training steps.

No sub-patch structure. Each patch token is
a single 1,024-dimensional vector summarizing a
14× 14 region. If a patch contains both road and
a traffic light, the token blends both. The trans-
port framework cannot “unblend” this; the token
is matched as a whole. Pixel-level methods can
assign different labels to different pixels within the
same patch.

Majority voting artifacts. Ground truth labels
are also at patch level via majority voting. A patch
that is 45% bicycle and 55% road is labeled “road.”
This means the training signal actively teaches the
model to ignore minority classes within patches.
Even a perfect transport plan would assign “road”
to this patch, because that is what the ground truth
says.

Limited receptive field for cross-image matching.
Each token’s feature comes from its local receptive
field in the ViT (∼5 layers of self-attention give
moderate spatial context, but less than a full-image
feature). Two tokens in different images can look
similar locally but differ in global context. OT oper-
ates on individual token features without modeling
the global scene structure.

O Limitations of OT-Based Label
Transfer

The OT formulation itself also has limitations for
dense label transfer, separate from the token-space
constraints above.

Pairwise matching is not classification. OT
finds correspondences between source and target to-
kens based on pairwise costs. Classification learns
decision boundaries from many examples; OT sees

each source–target pair in isolation (or a few pairs
in multi-source aggregation) and must infer labels
from a single matching. The decoder aggregates
pseudo-labels across many pairs, but the quality
ceiling is set by the transport plan.

Class frequency mismatch. Unbalanced OT
handles mass imbalance at the image level (dif-
ferent total mass per image), but not at the class
level. If road occupies 40% of the source and 50%
of the target, UOT can adjust the total mass, but it
cannot ensure that the extra 10% target road tokens
are matched to road sources rather than sidewalk
sources. The semantic prior helps, but it operates
on per-class prototypes that may themselves be
noisy for rare classes.

Quadratic scaling. Even with block-sparse
solvers (O(nk) instead of O(nm)), the coupling
size grows linearly with n and k. At 840×1680 res-
olution (n = 7,200) with k = 64, the coupling has
460K entries per image pair. This is still manage-
able, but the Sinkhorn solver’s convergence slows
with larger problems. Truly high-resolution trans-
port (n > 50,000) would need hierarchical or ap-
proximate solvers.

Sensitivity to regularization. The entropic regu-
larization ε controls the trade-off between matching
quality and smoothness. Too small: the solver is
numerically unstable and slow to converge. Too
large: the coupling is too diffuse, and transport
mass is spread uniformly rather than concentrat-
ing on good matches. The optimal ε depends on
the scale of the cost function, which shifts as θ
is learned. Similarly, τ controls mass flexibility:
too small allows too much mass to be discarded
(sparse couplings), too large forces mass conser-
vation (degenerate couplings for mismatched class
distributions).

Bilevel optimization challenges. The outer loss
L(θ) is optimized by differentiating through the
Sinkhorn solver. Lemma 1 guarantees Lipschitz
smoothness, but in practice the gradients can be
noisy: (1) they depend on sparse supervision (20
points per class), (2) truncating Sinkhorn to 30
iterations introduces bias, and (3) the cost network
has limited capacity (256-dimensional projections).

P Future Directions

Several directions follow from these experiments.
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Multi-scale transport. The oracle ensemble
(29.3% mIoU, Section I) shows that baseline and
high-resolution predictions are complementary.
One could perform transport at multiple resolutions
and fuse the results: run SAOT at 2–3 resolutions,
upsample all predictions to a common grid, and
learn per-class fusion weights. A lightweight MLP
trained on validation data would suffice for the fu-
sion.

Hierarchical or coarse-to-fine solvers. Rather
than a flat n × m coupling, a hierarchical solver
could first match regions (superpixels or ViT
blocks) and then refine within each region. This
would shrink the effective problem size while keep-
ing fine-grained matching where it matters, partic-
ularly around object boundaries and small objects.
Multi-scale OT (Schmitzer, 2019) provides a start-
ing point.

Pixel-level refinement. A hybrid approach: use
SAOT for coarse patch-level predictions, then re-
fine to pixel level with a lightweight upsampling
network (learned bilinear interpolation or a small
U-Net). DINOv2’s intermediate features at multi-
ple ViT layers could guide the refinement, keeping
patch-level transport efficient while recovering sub-
patch detail.

Adapter-compatible features. Our Rein experi-
ments showed that features optimized for discrim-
inative segmentation are suboptimal for transport.
Training a lightweight adapter (LoRA or prompt
tuning) that optimizes DINOv2 features for cross-
image matching, rather than within-image classi-
fication, could close this gap. The adapter could
be trained jointly with SAOT or as a preprocessing
step.

Class-conditional transport. SAOT currently
uses a single transport plan for all classes. Learning
separate cost functions per class or per class group
(“vehicles,” “infrastructure,” “nature”) would let
the solver specialize. Rare classes would benefit
from costs tuned to their own feature characteristics
instead of being dominated by the frequent classes.

Active learning for sparse supervision. We
sample 20 random points per class for sparse super-
vision. An active learning strategy could instead
select the most informative target tokens, for exam-
ple those where the transport plan is most uncertain
or where different source images disagree. This

should improve learning efficiency, especially for
rare classes where every supervised token counts.

Temporal consistency in video. For video seg-
mentation, transport plans from consecutive frames
should be temporally consistent. ASOT (Xu and
Gould, 2024) explored this for point tracking; ex-
tending it to dense label transfer could enable effi-
cient video segmentation from sparse frame-level
annotations.

Beyond synthetic-to-real. Our evaluation
focuses on GTA5→Cityscapes and VOC
train→val. Testing on other domain pairs
(Synthia→Cityscapes, simulation→real for
robotics, medical imaging) would show how well
this generalizes. The frozen-backbone approach
fits medical imaging well, where labeled data is
scarce but foundation models (e.g., BiomedCLIP)
exist.
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Figure 8: Additional qualitative results (part 1 of 2) on Cityscapes validation images. Columns: target image,
ground truth, NN, UOT, SAOT+Decoder. Per-image mIoU (%) is annotated.
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Figure 9: Additional qualitative results (part 2 of 2) on Cityscapes validation images. Same layout as Fig. 8.
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Figure 10: Additional qualitative results on PASCAL VOC 2012 validation images. Columns: target image, ground
truth, NN, UOT, SAOT+Decoder. Per-image mIoU (%) is annotated.
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Abstract

Sparse Mixture of Expert (MoE) models are
widely used foundation architectures at large
scale, yet remain under-explored at smaller
sizes. In this work, we introduce Compact
Sparse Mixture of Experts (CoSMoEs) for on-
device inference, addressing three key chal-
lenges: Quality, Memory, and Latency. On
the quality front, we conduct a fair evaluation
(removing confounding factors) and show that
MoE architectures outperform dense models at
on-device scale. We further propose weight-
decomposed experts, which improve MoE per-
formance beyond the standard formulation. On
the memory and latency front, we address the
large parameter count of MoE models by im-
proving expert offloading efficiency through
a novel training-time loss, reducing inference
latency for on-device deployment.

1 Introduction

Mixture of Experts (MoEs) have become a popular
extension of the transformer architecture (Vaswani
et al., 2023). The core idea is that each token in
the input sequence is routed through a set of sub-
networks, or “experts”, whose outputs are com-
bined via a gating mechanism that determines each
expert’s contribution.

While all experts are activated in the most gen-
eral MoE formulation (Jacobs et al., 1991; Jordan
and Jacobs, 1993), sparse Mixture of Expert mod-
els select only a subset of experts per token (Cai
et al., 2024), as used in Qwen (Bai et al., 2023;
Yang et al., 2024), OLMoE (Muennighoff et al.,
2024), Mixtral (Jiang et al., 2024), and DeepSeek
(DeepSeek-AI, 2024). These large-scale MoE mod-
els are optimized for highly parallelized server-side
inference.

In contrast, this work focuses on small-scale
MoEs for edge devices, which face a distinct set of
challenges around Quality, Memory, and Latency.

Quality. Unlike prior work (e.g., Jiang et al.
(2024)), we establish a fair comparison between
MoEs and dense models by aligning on active pa-
rameters (FLOP-aligned, FA) and total parame-
ters (parameter-aligned, PA). We further reduce
confounding factors by normalizing training data,
recipes, and architectures wherever possible. Our
evaluation shows that MoE architectures improve
average language modeling performance by over
2.3% across model sizes. Building on these results,
we propose a novel MoE extension following the
intuition of “expert specialization,” yielding up to
an additional 1.1% improvement.

Memory and Latency. As shown in Figure 1,
models trained in server environments face addi-
tional constraints when deployed on edge devices.
Despite these restrictions being largely architecture-
independent, the high total parameter count of mod-
ern MoE models severely affect their ability to be
deployed on the edge. While the sparsity prop-
erty of MoE architectures can partially offset the
high parameter count through expert offloading,
this incurs a large (4-20×) inference latency in-
crease (Xue et al., 2024). To relax this trade-off,
we propose a “block-wise expert selection” loss
that reduces expert offloads by 6× and improves
inference latency by 50%.

2 CoSMoEs Models

2.1 Sparse Mixture-of-Experts

At the core of this work is the sparse Mixture-
of-Expert (MoE) architecture1, popularized by
GShard (Lepikhin et al., 2020) and Switch Trans-
formers (Fedus et al., 2022). While MoEs can be
applied to different parts of the architecture, the
most common approach replaces the dense feed-
forward layer with a router component and multiple
experts. By selecting a discrete subset of experts

1When referring to MoE throughout this paper, we assume
sparsity.
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Figure 1: Server-side training environment (left) compared to the memory-constrained inference environment (right),
showing deployment restrictions for parameter-heavy MoEs and large dense models on edge devices.

at each step, sparse MoE models are characterized
by two quantities: their active parameters (FLOPs)
and their total parameters (model size in memory).
For expert selection, different routing paradigms
have been proposed, either selecting experts per
token (token choice) (Shazeer et al., 2017) or per
expert (expert choice) (Zhou et al., 2022). We use
token-choice routing, following the findings for
text-only models in Muennighoff et al. (2024).

2.2 Weight-Decomposed Experts

Standard MoE models have a naturally large total
parameter count because each expert maintains a
full copy of the feed-forward layer weights. To
reduce this overhead, we propose a lightweight
expert formulation using matrix weight decompo-
sition (“WD”), inspired by Low-Rank (“LoRA”)
adapters (Hu et al., 2021). The key intuition is that
each expert is intended to “specialize” on a sub-
set of input tokens, so each expert need not have
full representational capacity. We therefore replace
the full expert matrices of shape n×m with their
decomposition into two smaller matrices of shape
n× r and r ×m:

Mn×m ≈ Ln×r ×Rr×m (1)

with r ≪ n and r ≪ m (see also Figure 2).
In preliminary experiments, we find that setting r
to half the hidden dimension yields the best trade-
off between parameter reduction and model per-
formance. To ensure a parameter-aligned compari-
son, we adjust the number of heads and layers for
weight-decomposed models (prefixed with WD), as
detailed in Section 3.1.

Figure 2: Feed Forward Layer: Standard (left) and
Weight-Decomposed (right).

2.3 Block-wise Expert Selection

A central challenge for on-device MoE inference
is expert offloading: when only active experts are
kept in accelerator memory, each change in ex-
pert assignments requires transferring parameters
between storage and compute, incurring substan-
tial latency. Multiple lines of research have ex-
plored inference-time solutions such as predictive
offloading and bitwidth adaptations (Yi et al., 2023;
Eliseev and Mazur, 2023; Aminabadi et al., 2022).
We approach this problem from a different angle:
rather than optimizing the offloading mechanism,
we reduce the number of offloading events by en-
couraging temporally coherent expert assignments
during training.

To this end, we propose a “Block-wise Expert Se-
lection” (BlES) loss term that penalizes frequent ex-
pert switches between consecutive tokens, closely
related to the expert load balancing loss in Fedus
et al. (2022):

Let R be a router logits tensor with shape
(B, T,E), where B is the batch dimension, T is
the sequence length, and E is the expert dimen-
sion. We compute routing weights W by applying
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the softmax function to R, scaled by a temperature
parameter τ :

W = softmax(τR) (2)

In a non-differentiable step, we select the top-k
experts K for each token based on W . Let S be
the selected experts tensor with shape (B, T,K):

S = top_k(W,K) (3)

We then count the hard expert replacements H
by comparing consecutive tokens’ expert assign-
ments:

He =

B∑

b=1

T−1∑

t=1

|(S[b,t+1] = e)− (S[b,t] = e)|

H =
E∑

e=1

He

(4)

where e is the expert index and S[b,t] = e equals
1 if expert e is among the top-k candidates for token
t. We normalize H by the batch size, top-k, and
number of tokens:

Hnorm =

⌊
H
2

⌋

B ·K · (T − 1)
(5)

Since H is non-differentiable, we introduce a
continuous surrogate L that sums the per-expert
probability differences between consecutive to-
kens:

L =

B∑

b=1

T−1∑

t=1

E∑

e=1

|Wb,t+1,e −Wb,t,e|

Lnorm =
L

B · T

(6)

The final loss is the product of the hard and soft
expert selection terms:

loss = Hnorm · Lnorm (7)

To match the sequence-level computation of the
BlES loss, we replace the standard (model-level)
load balancing loss (Fedus et al., 2022) with layer-
wise load balancing (following Lin et al. (2024)).

Layer-wise load balancing. An important de-
sign choice is to compute the load balancing loss
per layer rather than aggregating across layers.
When the loss is computed at the model level, it
can be trivially minimized by consistently select-
ing a single expert per layer—for example, with 3

experts and 3 layers, always selecting expert 0 in
layer 0, expert 1 in layer 1 and expert 2 in layer 2
achieves a perfect balance while also minimizing
the BlES term. Figure 3 illustrates this failure mode
with 3 layers and 3 experts.

Figure 3: Example expert selection (for simplicity, k=1)
for individual layers and the complete model.

3 Experimental Setup

3.1 Model Configuration
We compare two on-device size categories: “Phone-
sized” (1–3B parameters) and “Wearable-sized”
(100–300M parameters), across three architectures:
Dense, MoE, and WD MoE, as described in Ta-
ble 12. All models are based on the Llama3 archi-
tecture, with an MoE component consisting of eight
total experts, two of which are active per token. We
follow the standard expert implementation from the
Hugging Face codebase (Wolf et al., 2020). Model
hyperparameters are kept consistent while aligning
on active and total parameters. When trade-offs are
necessary, we favor depth over breadth, following
Liu et al. (2024).

3.2 Training Details
We pre-train all models on the FineWeb Education
dataset (FW-edu, Penedo et al. (2024)), a 1.4 tril-
lion token text corpus provided by Hugging Face
(Wolf et al., 2020). FW-edu represents a high-
quality, general-purpose language dataset.

3.3 Evaluation Metrics
We evaluate along three axes. For language
modeling performance, we use the EleutherAI

2The BlES extension uses the MoE architecture and is
therefore not listed separately.
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Model Params L H Hid Seq Steps Bsz
Phone-sized models, 1B-3B Parameters

Dense 1.50B 16 32 2048 2048 310k 2048
MoE 1.37B (3.75B) 24 18 1440 2048 310k 2048

+ WD 1.42B (3.65B) 26 20 1600 2048 310k 2048
Dense 3.61B 28 24 3072 2048 310k 2048

Wearable-sized models, 100-300M Parameters
Dense 189M 19 8 512 2048 310k 2048
MoE 188M (377M) 19 8 432 2048 310k 2048

+ WD 188M (377M) 32 10 400 2048 310k 2048
Dense 380M 29 12 768 2048 310k 2048

Table 1: On-device model candidates. Params = #Active
(#Total) Parameters, L = Layers, H = Self-Attention
Heads, Hid = Hidden size, Seq = Sequence length, Bsz
= effective batch size.

LM eval harness with nine benchmarks (Gao
et al., 2024), following the evaluation protocols of
Llama3 (Grattafiori et al., 2024) and MobileLLM
(Liu et al., 2024). For offloading efficiency, we re-
port the Expert Replacement Ratio (ExRep), which
measures the percentage of realized expert replace-
ments, and the optimal expert balance, which com-
putes the average per-layer deviation from a uni-
form distribution. For memory and latency, we
report per-token generation speed and peak mem-
ory usage.

4 Results

4.1 Language Modeling Performance

Table 2 presents our language modeling results. A
random baseline is shown at the top, followed by
our MoE results at phone and wearable scale, with
public baselines at the bottom for context.

Phone-sized models. All MoE candidates out-
perform the random baseline by a large margin and
consistently improve over the FA dense model by at
least 2%. For MMLU and AGI-English, all models
show only minor gains, indicating room for further
improvement. On the remaining benchmarks, clear
improvements are observed. Among MoE variants,
the weight-decomposed model performs best over-
all. We observe a minor performance regression
when using the BlES loss. Compared to the PA
dense model, MoE candidates perform better on
3 out of 10 metrics, falling only half a percentage
point short on average. In the context of previously
published models, our MoE candidates outperform
the FA Llama 3.2 1B and OLMoE models but do
not reach the PA Llama 3.2 3B performance.

Wearable-sized models. The wearable-sized
evaluation shows similar trends. The weight-
decomposed model again achieves the best MoE

performance, here even surpassing the PA dense
model. At wearable scale, at least one MoE model
outperforms the PA dense model on 6 of 10 tasks.
Compared to the published MobileLLM models,
we observe improvements at both the 125M and
350M parameter scales. The BlES model again
shows a slight performance drop relative to the
standard MoE, consistent with the phone-scale find-
ings.

4.2 Offload Efficiency

As illustrated in Figure 1, running MoE models
on-device often requires offloading experts to stay
within memory constraints, at the cost of signif-
icant latency increases. Since expert offloading
frequency is data-dependent, we use a 100-sample
subset of the C4 dataset (Raffel et al., 2020) as a
proxy for general text data. Table 3 presents results
along three dimensions: the expert replacement per-
centage (ExRep), the realized inference speed3, and
expert balancing quality (deviation from uniform
expert balance, ∆Uniform). The BlES extension
achieves over 6× fewer expert switches than the
standard MoE model. This directly translates to a
1.5× improvement in generation speed, with only a
minor regression of less than 1% relative in expert
balancing4.

Qualitative analysis. Figure 4 visualizes expert
assignments across 35 tokens for a single layer,
comparing the BlES model (top) and the standard
MoE model (bottom). The BlES model reduces ex-
pert replacements from 21 to 11 while preserving
expert diversity—both models actively use 6 out
of 8 experts. This illustrates how the BlES loss en-
courages temporally coherent expert assignments
without collapsing to a single expert.

Layer-wise expert balance. To understand the
per-layer impact of the BlES loss, Figure 5 plots the
layer-wise expert balance for both models. With
BlES, greater expert divergence is observed in
lower layers, whereas the standard MoE model
exhibits higher divergence in upper layers. Higher
expert diversity in later layers appears preferable,
given the general intuition that lower layers encode
more local, syntactic information while upper lay-
ers capture more global, semantic structures.

3Full on-device benchmarks are presented in Section 4.3.
4Inference latency improvements are batch-size dependent.
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Model Params MMLU AGI-E Arc-C Arc-E BoolQ PIQA SIQA HellaS OBQA WinoG Avg
Random Baseline

Random – 24.53 16.07 21.08 25.25 51.07 51.74 33.11 26.31 29.40 50.83 32.94
Phone-sized models, ∼1B-3B Parameters

Dense 1.50B 24.78 17.99 36.95 74.03 59.08 74.54 41.76 59.88 41.20 57.54 48.78
MoE 1.37B (3.75B) 25.96 17.65 42.58 76.77 60.89 75.52 42.12 65.07 42.40 62.35 51.13

+ BlES 1.37B (3.75B) 25.40 17.50 41.55 77.02 62.81 76.06 41.91 63.14 42.60 59.04 50.70
+ WD 1.42B (3.65B) 23.90 18.20 43.69 76.81 66.76 76.39 45.14 66.51 42.80 62.04 52.22

Dense 3.61B 26.41 16.82 44.54 77.9 65.87 77.48 43.3 67.18 45.00 63.46 52.80
Wearable-sized models, ∼100-200M Parameters

Dense 189M 22.9 16.82 23.29 56.82 57.09 64.15 37.82 36.36 32.8 50.99 39.90
MoE 188M (377M) 25.27 17.37 27.9 63.09 58.39 69.04 39.61 44.09 34.4 53.03 43.22

+ BlES 188M (377M) 24.27 17.58 24.83 58.84 59.82 66.49 38.64 39.70 33.40 49.96 41.35
+ WD 188M (377M) 23.64 17.16 28.58 62.58 57.13 69.31 40.28 46.15 33.20 54.38 43.24

Dense 380M 24.79 17.86 28.92 64.35 52.02 69.21 39.97 46.53 33.80 51.62 42.91
Public Baselines across Model Sizes

MobLLM (2024) 135M 23.02 17.45 19.97 46.38 60.34 64.96 38.08 38.17 28.40 52.57 38.93
MobLLM (2024) 350M 26.33 17.47 23.89 56.4 61.96 68.88 39.87 49.57 31.00 57.38 43.28
Llama3.2 (2024) 1.4B 36.92 18.80 31.31 65.40 63.61 74.54 42.84 47.74 26.20 60.06 46.70
Llama3.2 (2024) 3.6B 54.01 22.53 42.32 74.41 72.81 76.71 47.13 55.32 31.20 69.30 54.50
OLMoE (2024) 1.68B (6.92B) 25.74 17.19 40.87 74.20 60.52 74.70 44.37 60.38 38.40 58.72 49.50

Table 2: Model comparison on zero-shot LM evaluations. Params = #Active (#Total) Parameters, BlES = Block-wise
Expert Selection, WD = Weight-Decomposed, MobLLM = MobileLLM. Public baselines are evaluated using the
EleutherAI LM eval harness (2024).

Model ExRep (↓) Tok/s Gen (↑) ∆Uni (↓)
MoE 43.82 15.02 9.60
+ BlES 6.55 23.10 9.67

Table 3: Impact of the BlES loss on expert replacement
ratio (in percent), generation speed (tokens/second), and
deviation from the uniform expert distribution (in per-
cent). ↓ = lower is better, ↑ = higher is better.

4.3 On-Device Benchmarks

Since on-device models often execute in CPU-
based environments or on proprietary accelerators,
we compare model latency on both CPU and GPU5.
As this paper targets training-time improvements,
we use standard inference code from the Hugging
Face Transformers library (Wolf et al., 2020) and
the gpt-fast codebase (PyTorch Labs, 2023) without
inference-specific optimizations such as EdgeMoE
(Yi et al., 2023). Table 4 presents results along four
dimensions: (1) language modeling performance
(from Table 2), (2) inference speed across 128 to-
kens on CPU and GPU, (3) peak memory after 128
token generations, and (4) suitability for on-device
deployment. In addition to the previously described
model candidates, we evaluate standard MoE of-
floading as “Offl,” where only active experts are
kept on the accelerator.

Latency. On CPU, the FA dense model achieves
the highest generation rate; MoE candidates are
slightly slower, and the PA dense model is 2×
slower. On GPU, MoE models generally produce

5Evaluations are performed in a server environment; actual
on-device accelerator numbers may vary.

fewer tokens per second than dense models, primar-
ily due to their deeper architecture (Table 1). We
also observe the 1.5× speed-up between standard
offloaded MoE models and BlES offloaded models,
consistent with Table 3. For context, inference-
based offloading strategies such as those in Eliseev
and Mazur (2023) and Aminabadi et al. (2022)
achieve 2–3× and 5.5× latency reductions, respec-
tively, at comparable model sizes. However, unlike
our training-time approach, inference-time offload-
ing methods often require additional modeling com-
ponents to predict future expert usage, which can
be impractical for on-device scenarios.

Peak Memory. Without expert offloading, the
peak generation memory of MoE candidates is com-
parable to the PA dense model. With offloading,
peak memory drops to the level of the FA dense
model, since only active parameters are kept in
memory. This makes offloaded MoE models viable
on-device candidates (see ).

4.4 Ablation Studies

Going beyond the standard MoE setup with two ac-
tive and eight total experts, we ablate these dimen-
sions and explore their impact on quality, latency,
and memory. We evaluate eight model configura-
tions spanning a range of active and total expert
counts. Figure 6 summarizes findings along the ac-
tive expert (left) and total expert (right) dimensions.
For active expert ablations, we fix the total number
of experts to 8; for total expert ablations, we fix the
number of active experts to 2.
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1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35

1 0 0 0 0 0 0 0 0 1 1 1 0 0 0 1 1 1 1 1 0 0 0 1 0 0 0 0 0 0 1 1 0 0 0

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

0 0 0 1 1 1 1 1 1 0 0 0 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 1 1 1 1 0 0 1 1 1

0 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0

E1

E2

E3

E4

E5

E6

E7

E8

0 1 1 1 1 1 1 1 1 0 1 0 0 0 1 1 1 1 1 0 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

1 0 1 1 1 1 1 1 0 0 0 1 1 1 1 1 1 1 0 1 0 0 0 1 1 1 0 1 1 1 0 1 1 1 1

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0

1 0 0 0 0 0 0 0 0 1 0 1 1 0 0 0 0 0 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

0 1 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 1 1 0 0 0 0 0 0 0 1 0 0 0 0

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 1 1 0 0 0 1 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

E1

E2

E3

E4

E5

E6

E7

E8

Figure 4: Expert assignments across 35 tokens for a single layer. 1 = Active, 0 = Inactive. Top: BlES (11
replacements), Bottom: Standard MoE (21 replacements).
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Figure 5: Per-layer divergence of expert routing from
the uniform distribution. Large values indicate expert
collapse toward a pseudo-dense layer.

Active Expert Ablation. Increasing the number
of active experts improves model quality, though
returns diminish as the count approaches 8. Gen-
eration speed decreases linearly with the number
of active experts, while peak memory remains con-
stant6.

Total Expert Ablation. Model quality increases
roughly linearly with the number of total experts,
though the improvement is less pronounced than
for active experts. Generation speed is unaffected
since FLOPs are held constant. However, total
expert count significantly impacts peak memory7.

In summary, increasing either active or total ex-
6Peak memory would increase if experts were actively

offloaded.
7Peak memory would remain constant with active offload-

ing, at the cost of reduced generation speed.

Model LM Eval Latency Mem
Setup Avg Gen (tok/sec) Gen
Metric % CPU GPU GB /
Dense 48.78 4.47 73.10 5.8
MoE 51.13 4.30 40.60 14.7
+ WD 52.22 3.85 33.50 14.2
+ Offl 51.13 4.30 15.02 5.4
+ BlES 50.70 4.30 23.10 5.4
Dense 52.80 1.77 42.60 14.0

Table 4: On-device benchmarks. Gen = Generation of
128 tokens (1 token prefill), Offl = Offloaded, BlES =
Block-wise Expert Selection. Mem = Peak GPU mem-
ory. = Phone-sized, assuming <6GB of RAM use
(e.g., iPhone 12 Pro).

perts improves model quality but requires a trade-
off in either latency or memory.

4.5 Training Efficiency
Figure 7 compares the training dynamics of MoE
and dense model candidates, aligned by dataset,
training steps, and hyperparameters. We track aver-
age language modeling performance at checkpoints
from 10k to the full 310k steps.

Comparing the FA and PA dense models with
our best-performing MoE model, we corroborate
the findings of Lin et al. (2024), observing a 5–10×
training efficiency gain for MoE models over their
FA dense counterparts. Our MoE candidate reaches
the best performance of the 1.4B dense model
at around 35k steps, while the larger 3.6B dense
model achieves generally higher scores throughout
training.
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Figure 6: Active (left) and total (right) expert ablations
of the 1.4B MoE model at 50k steps (∼210B tokens).

5 Related Work

Small-Scale Language Models. As foundation
models become increasingly expensive to train and
deploy, two research directions have emerged. The
first focuses on improving small-scale architectures,
including MobileLLM (Liu et al., 2024), MobiL-
lama (Thawakar et al., 2024), and the BabyLlama
series (Timiryasov and Tastet, 2023; Tastet and
Timiryasov, 2024). The second targets training data
quality through cleaner, more curated pipelines, as
demonstrated by the Microsoft Phi series (Abdin
et al., 2024) and Hugging Face efforts (Ben Allal
et al., 2024; Lozhkov et al., 2024). For a compre-
hensive survey, see Nguyen et al. (2024).

Sparse Mixture of Experts. Sparse MoEs span a
wide range of model sizes: Qwen (2023; 2024) and
OLMoE (2024) at 1–3B active parameters, Mixtral
(2024) and DeepSeek (2024) at around 7B, and
DBRX (Databricks, 2023) and Grok-1 (x.ai, 2023)
at 36B and 86B active parameters, respectively.
The OLMoE paper (Muennighoff et al., 2024) is
particularly relevant, presenting training insights
and design decisions for MoE models at smaller
scales; we follow many of its findings. Compar-
ing the inner workings of large MoE models, Lo

et al. (2024) analyze Mixtral, Grok, and DeepSeek,
finding initial similarities despite different training
paradigms. We pursue similar comparisons but pri-
oritize fairness by controlling confounding factors.
For a detailed MoE survey, see Cai et al. (2024).

Weight Decomposition for Mixture of Experts.
Along similar lines to our weight-decomposed ex-
perts, Dou et al. (2024) proposed a LoRA-style
extension that converts dense networks into MoE
models during supervised fine-tuning (SFT). By
freezing the dense backbone and introducing a
router at the SFT stage, their approach aims to re-
duce catastrophic forgetting of pre-training knowl-
edge. In contrast, we apply weight decomposi-
tion directly during pre-training, training more
parameter-efficient experts from the start.

Inference Efficiency. Our BlES loss is comple-
mentary to prior work on inference-time offloading
optimization. Xue et al. (2024) improve expert pre-
fetching and caching to reduce parameter transfers.
EdgeMoE (Yi et al., 2023) enhances offloading
through predictive strategies and bitwidth adap-
tations. Other frameworks include Mixtral Fast
Inference (Eliseev and Mazur, 2023) and Deep-
Speed Efficient Inference (Aminabadi et al., 2022).
Unlike these approaches, our method reduces the
number of offloading events during training rather
than optimizing the offloading mechanism at infer-
ence time, making the two approaches orthogonal
and potentially complementary.

6 Conclusion

We demonstrate how to enable sparse MoE archi-
tectures for on-device inference along three key
dimensions: Quality, Memory, and Latency. On
the quality front, a fair comparison shows that MoE
models outperform their dense counterparts on lan-
guage modeling tasks by over 2.35%. Our weight-
decomposed experts yield further gains of up to
1.1% over standard MoE models. To make MoE
models practical for on-device deployment, we ad-
dress the offloading bottleneck by reducing expert
switches during training. Our block-wise expert
selection loss improves offloading efficiency by
6× and increases generation speed by 50% com-
pared to standard offloaded MoE models. These
results pave the way for deploying MoE archi-
tectures in on-device scenarios, supporting high-
quality, privacy-preserving foundation models for
edge devices.
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Figure 7: Training dynamics across model candidates. The dotted line marks the best 1.4B Dense checkpoint
performance, reached by the MoE + WD model at ∼35k steps.

Limitations

We note two limitations of this work.
First, while we aim for a fair comparison be-

tween MoE and dense models, a perfectly bal-
anced comparison remains elusive. Aligning ac-
tive and total parameters necessarily introduces
variation in model depth and width, which affects
certain metrics (e.g., latency depends heavily on
layer count). Additionally, keeping hyperparam-
eters aligned may inadvertently favor one archi-
tecture. Thorough hyperparameter sweeps would
help address this but would introduce their own
confounding factors.

Second, our evaluations and benchmarks are per-
formed on server hardware, which introduces a
level of abstraction from actual edge devices. Al-
though we aim to present a complete picture of
MoE models for on-device use, this gap between
server and edge environments is a limitation of our
current evaluation.
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Abstract

Vision-language model (VLM)-powered agents
are increasingly enabling new forms of automa-
tion across various human tasks. While prior
work has primarily focused on well-defined
problems with explicit goals, the capabilities of
agents in creative graphic design, where goals
are inherently open-ended and subjective, re-
main largely underexplored. To bridge this gap,
we introduce GraphicWeaver, a planning bench-
mark for graphic design comprising 1,079 di-
verse user queries and associated images span-
ning four design categories. Comprehensive
experiments with six models reveal that cur-
rent VLM-based agents struggle to handle such
complex planning tasks, which require taking
into account both explicit design constraints
specified in queries and implicit commonsense
design principles. We attribute these failures to
challenges in (1) retrieving appropriate param-
eters for tool usage, (2) understanding spatial
relationships across design components, and
(3) coordinating dependencies across agents.
We envision GraphicWeaver as a challenging
yet valuable testbed for advancing VLM agent
planning in creative design contexts.1

1 Introduction

Recent advancements in Vision-Language Models
(VLMs) have expanded their potential as general-
purpose agents capable of automating a wide range
of human tasks. Prior work has evaluated VLM
agents in diverse domains, including web naviga-
tion and interaction (Zheng et al., 2024; He et al.,
2024a; Tian et al., 2025), travel planning (Xie et al.,
2024; Jandial et al., 2025), item detection (Kelly
et al., 2024), embodied scenarios (Zheng et al.,
2023), and online shopping (Koh et al., 2024).

On the other hand, research on the planning ca-
pabilities of VLM agents for creative design tasks

*Work done during internship at Adobe Research.
1https://github.com/dayeonki/

graphicweaver

remains limited, primarily due to underspecified
open-ended goals from users (Guo et al., 2024;
Ge et al., 2025). They require delicate planning
that translates a high-level user request into a struc-
tured plan composed of executable sub-tasks that
collectively produce the final design. This is inher-
ently complex, posing multiple challenges: (1) A
complex design often requires collaboration involv-
ing multiple agents; (2) Design planning is usually
long-horizon, involving a sequence of decisions for
expert selection, tool calls, and tool uses, with an
expansive tool space to explore (Xie et al., 2024);
(3) A design plan must accommodate both explicit
constraints from user queries (e.g., “the title text
color must be white”) and implicit constraints in-
ferred through commonsense reasoning (e.g., “the
background should contrast with the color of text
elements”) since user queries are often incomplete
with unspecified details (Qian et al., 2024b); (4)
Assessing design outcomes is inherently subjective,
as the notion of what constitutes a better design
vary across individuals. These challenges raise a
key question: To what extent can VLM agents gen-
erate cohesive plans for creative design tasks when
provided only with open-ended user queries?

We focus on graphic design, a task that remains
challenging even for humans as it demands spe-
cialized knowledge of professional design tools,
often requiring substantial time and effort to learn
(Bedford et al., 2006). In this work, we introduce
GraphicWeaver, a planning benchmark compris-
ing 1,079 realistic user queries paired with associ-
ated images. The dataset spans four representative
design categories: book cover, business card, post-
card, and poster, chosen to capture a broad range of
design goals varying in layout composition, textual
arrangement, and overall visual organization (§3).

We comprehensively evaluate six VLM-based
agents, ranging from smaller open-weight models
to larger closed-source ones (§4). As shown in Fig-
ure 1, each agent is assessed on its ability to reason
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≈çCould you help me plan to create a 
motivational postcard design? 

I want the message 'Reach for the 
Stars!' centered at the top in white on a 
light green background. 

I want to include a medium-sized rocket 
ship centered below the message and 
small-sized planets around the card.

Planning Phase

Expert Group

Expert Agent Recruitment

(1) Create a new document in 9x6 inches.
(2) Set the background to light green.
(3) Import ‘rocket_ship.png’. [...]

(1) Import file from Photoshop.
(2) Set the background to light green.
(3) Create message for ‘Reach For the Stars!’. [...]

supervisor 
agent

Individual Plan Generation

≈ç

Plan Supervision
(1)       Create a new document in 9x6 inches.
(2)       Set the background to light green.
(3)       Import ‘rocket_ship.png’.
(4)       Resize ‘rocket_ship.png’ to medium-size.

          …
(10)      Save file as ‘postcard.psd’.
(11)       Import from Photoshop: ‘postcard.psd’
(12)      Set the background to light green.
(13)      Create message for ‘Reach For the Stars!’

Execution Phase
Tool Retrieval

≈ç

Tool Execution

(1) Create a new document in 9x6 inches.
(2) Set the background to light green.
(3) Import ‘rocket_ship.png’.
(4) Resize ‘rocket_ship.png’ to medium-size. [...]

  workflow plan

import_object

(1) create_document
(width=9, height=6)
(2) set_background
(BackgroundLayer, R=180, 
G=224, B=144)
(3) import_object
("rocket_ship.png", 
RocketLayer)
(4) resize_object
(RocketLayer, width=400, 
height=200)

set_background

toolbox

create_document

environment

(1) create_document
(width=9, height=6)
(2) set_background
(BackgroundLayer, R=180, 
G=224, B=144) [...]

GraphicWeaver

postcardbook 
cover

business
card

poster

Happy to help!

agent

Figure 1: Overview of GraphicWeaver. Given a user query and associated image(s), vision-language agents collaboratively
plan and execute the requested task. They generate a plan that satisfies the user’s requirements expressed in the query while
adhering to implicit commonsense design principles. Based on the finalized plan, each agent retrieves the appropriate tools and
executes them within its respective environment.

about task requirements and devise actionable plans
(Planning; §5.2) and to retrieve and execute appro-
priate tools to achieve the desired goal (Execution;
§5.3). Our key findings are summarized as follows:

• All evaluated VLM-based agents struggle with
complex planning tasks in GraphicWeaver, partic-
ularly in integrating both explicit user-specified
requirements and implicit commonsense design
principles into the generated plans.

• Execution success rates are generally low, with
GPT-4.1 (the highest performing model) success-
fully executing only 62.5% of its generated plans.
The resulting design outcomes receive low scores
for both alignment with user queries and images,
as well as for overall creativity.

• Further analyses reveal three recurring failure
modes: (1) retrieval of invalid parameters for
tool usage, (2) difficulty in reasoning about spa-
tial relationships of design components, and (3)
inadequate coordination across agents.

2 Related Work

VLM-Based Agents. Leveraging the strengths of
Large Vision-Language Models (LVLMs), VLM-
based agents have shown strong performance in
automating human tasks through tool use (Schick
et al., 2023; Qin et al., 2023) and advanced reason-
ing strategies (Yao et al., 2022; Shinn et al., 2023).

Further inspired by human collaboration and its
role in improving work efficiency (O’Reilly et al.,
1997; Woolley et al., 2015), recent research has
proposed multi-agent frameworks in which multi-
ple agents coordinate to solve a shared task (Ding
et al., 2023; Shen et al., 2023; Dong et al., 2024;
Chen et al., 2024). In particular, studies suggest
that assigning specialized roles to agents improves
their effectiveness on complex problems (Li et al.,
2023; Talebirad and Nadiri, 2023; Du et al., 2024;
Hong et al., 2024; Qian et al., 2024a). Similarly,
we evaluate VLM agents in a collaborative setting,
but in the context of an underexplored problem in
this space: graphic design generation.

Graphic Design Generation. Graphic design is
a form of visual art that combines multimodal el-
ements (e.g., images, texts, and vector symbols)
to create aesthetic compositions that effectively
communicate user’s intent (Cheng et al., 2024).
Most prior work has examined specific design sub-
tasks—including layout generation (Li et al., 2019;
Gupta et al., 2021; Jiang et al., 2023), typography
generation (Zhao et al., 2018; Jiang et al., 2019),
attribute recognition (Lin et al., 2024), and col-
orization (Yuan et al., 2021; Qiu et al., 2023)—as
well as single-shot generation (Hsu et al., 2023;
Seol et al., 2024; Yang et al., 2024b). In contrast,
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Category Example User Query Example Image(s) # Train/Test

Book Cover

We need to create a cooking book cover design titled ‘Quick & Easy Weekday Meals’
with the author’s name ‘Sarah James’ at the top center, above the title, and a subtle
green background. The title should be in white, top center, below the author’s name,
and feature a delicious pasta plate centered in the middle, below the title text. Include
the tagline ‘Delicious Recipes for Busy Lives’ in white, below the title.

5/260

Business Card

Create a business card design in teal background for a software company named
‘OceanSoft’. Please include the company name in huge white font at the top center. I
want to include the tagline ‘Sailing to Success’ in medium white font placed below
the company name and a large wave icon at the bottom center.

5/203

Postcard

Could you draft a plan to create a wedding announcement postcard design with the
message ‘Save the Date’ centered at the top in white on a navy blue background?
I want to include medium-sized golden wedding rings centered below the message
and small elegant florals in the corners.

5/260

Poster

I need to create a poster design for a music festival named ‘Rhythm Beats’ on a
green background, featuring a large illustration of a colorful guitar in the center, a
catchy title ‘Rhythm Beats’ in huge white font at the top center, and a tagline ‘Feel
the Music in Your Soul’ in large white font at the bottom center.

5/336

Table 1: Actual examples of user queries and images in GraphicWeaver. Each user query is paired with one or more relevant
images that serve as inputs to the design planning process. Train split examples are used as in-context examples.

GraphicWeaver evaluates VLM agents on their abil-
ity to plan end-to-end designs through multi-step
generation across multiple agents and web-based
environments, more closely mirroring real-world
graphic design practices (Inoue et al., 2024).

3 GraphicWeaver

3.1 Overview

We introduce GraphicWeaver, a benchmark for
evaluating VLM agents on complex planning and
tool use across multiple web-based design envi-
ronments. To reflect real-world design planning,
GraphicWeaver incorporates diverse constraints, in-
cluding those explicitly specified in the user queries
(Figure 1) and those arising from commonsense
design principles, such as choosing background
colors that contrast with text elements. The bench-
mark comprises 1,079 query-image pairs across
four graphic design categories: book cover,
business card, postcard, and poster. It is split
into training and test sets: the training set contains
5 queries per category with human-annotated refer-
ence plans (20 in total), and the test set contains the
remaining 1,059 queries, with detailed examples
and statistics reported in Table 1.

3.2 Benchmark Construction Pipeline

This section outlines the construction pipeline of
GraphicWeaver, which consists of the following
steps: environment setting, diverse user query de-
sign, image pairing, and human quality checking.
All prompts are outlined in Appendix D.1.

Environment Setting. In GraphicWeaver, we
construct a static, closed sandbox environment for

evaluation, ensuring that all VLM agents operate
under the same fixed set of resources and eliminate
any variability for fair comparison. It also avoids
the overhead of building and maintaining custom
environments, which is particularly challenging in
graphic design domains. We consider three com-
plementary design environments: Adobe Photo-
shop, Illustrator, and InDesign, each offer-
ing distinct capabilities. For each environment, we
build a database with 46 tools in which every tool
is linked to an executable JavaScript code corre-
sponding to a single mouse or keyboard operation
(e.g., creating a new document) (He et al., 2024b)
and parameterized only by predefined input fields.
As summarized in Table 2, we group tools into four
categories: basic operations, drawing, text-related,
and object manipulation functions.2 For additional
details on the toolset and environment configura-
tion, refer to Appendix B.1.

User Query Construction. To construct diverse
queries for GraphicWeaver, we identify key design
components and sub-components for each design
category, as summarized in Table 3. We begin by
collecting 20 screenshots of design projects (5 per
category) shared by practitioners on the Behance
platform,3 ensuring that the benchmark reflects au-
thentic, real-world design needs. Three graduate
students familiar with Adobe software then col-
laboratively write realistic user queries and corre-
sponding execution plans, and carry out these plans
within our sandbox environment to produce final
designs that closely resemble the reference screen-

2We derive the tools from Adobe’s official tutorials, reflect-
ing commonly used operations among design practitioners.

3https://www.behance.net/
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Category Tool Input Parameters Description Env.

Basic SetBackgroundColor red, green, blue Set the background color to desired RGB color.
SaveDocument fileName, format Save the current document into desired format.

Drawing OpacityDrawing layerName, opacity Adjust opacity of a drawing.
ResizeDrawing layerName, width, height Resize a drawing to desired width and height.

Text ApplyFont layerName, fontName Apply font to text.
RotateText layerName, angle Rotate text to desired angle.

Object ImportObject fileName, layerName Import an image or object from file path.
PhotoFilter layerName, filterType, density Apply a photo filter to an object with desired density.

Table 2: Subset of available tools in GraphicWeaver. Each tool is parameterized by predefined input fields for execution. Env.:
Environment which supports the execution of a specific tool. Full list of available tools is in Appendix Table 6.

Category Design Components Required?

Book Cover

Background color ✓

Title (content, size, color, position) ✓

Author Name (content, size, color, position) ✓

Subtitle (content, size, color, position) ✗

Tagline (content, size, color, position) ✗

Image (size, position, image URL, caption) ✓

Business Card

Background color ✓

Brand Name (content, size, color, position) ✓

Tagline (content, size, color, position) ✗

Contact Details (content, size, color, position) ✗

Image (size, position, image URL, caption) ✓

Postcard
Background color ✓

Message (content, size, color, position) ✓

Image (size, position, image URL, caption) ✓

Poster

Background color ✓

Title (content, size, color, position) ✓

Tagline (content, size, color, position) ✗

Image (size, position, image URL, caption) ✓

Table 3: Key design components and sub-components for
each design category. Sub-components are listed in parenthe-
ses. Required?: Whether the component is required in the
user query during query construction process.

shots (see Appendix B.2 for more details).

For each design category, the identified design
components are used as placeholders to construct
query skeletons, which serve as prompt templates
(Qian et al., 2024b; Xie et al., 2024; Yoran et al.,
2024). We then prompt GPT-4 (Achiam et al.,
2023) to randomly fill these placeholders and manu-
ally introduce additional variation in query openers
(e.g., “Please help me create a design [...]”, “Could
you provide me a design [...]”) to better reflect the
range of natural phrasing in real user queries, as
illustrated in Table 1.

Directly using model-generated queries often re-
sults in many with highly similar design concepts
(i.e., multiple postcards themed around “Birthday”).
To diversify this, we remove near-duplicates by (1)
discarding queries with overlapping bi-grams in
any design components, and (2) filtering out seman-
tically similar pairs with SentenceBERT similarity
scores above 0.8 (Reimers and Gurevych, 2019).

Image Pairing. Each validated user query in-
cludes a brief description of the image(s) required
for the design (see Figure 1). To ground these de-
scriptions in concrete visual assets, we construct
an image retrieval pool by collecting vector illus-
trations from OpenCLIPArt4 and Public Domain
Vectors.5 In total, we gather 274K caption-image
URL pairs as our retrieval pool. For each image, we
then retrieve the top-3 candidates whose captions
have the highest SentenceBERT similarity scores
with the query’s image description.6

Quality Control. We first conduct an automatic
evaluation to assess the quality of the user queries
and the top-3 retrieved images. For each query, we
prompt GPT-O17 to: (Q1) identify the key design
components and rate how well each contributes to
the coherence of the final design on a five-point
Likert scale (1:Not at all, 5:Completely), and (Q2)
rank the three retrieved image candidates from 1
(best fit) to 3 (least fit) based on their relevance.

To validate these automatic annotations, we con-
duct a human verification study on a stratified ran-
dom sample of 200 user queries (50 per design
category) using the same criteria. We observe sub-
stantial agreement between GPT-O1 and human
judgments (Cohen’s κ=0.586 for Q1 and Kendall’s
τ=0.671 for Q2). We discard queries in which any
design component receives a rating of 1 or 2 and
retain only the image ranked as the best fit. Further
details are provided in Appendix B.3.

3.3 Evaluation

We evaluate both the plans and the execution out-
comes offered by agents along multiple dimensions.

4https://openclipart.org/
5https://publicdomainvectors.org/
6All images will be released under the Creative Common-

sense Zero (CC0) license. The average text/image counts per
query are: book covers (3.05/1.00), business cards (2.15/1.33),
postcards (1.03/1.28), and posters (1.99/1.04).

7https://openai.com/o1/
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Detailed prompts are provided in Appendix D.2.

(1) Planning Evaluation

• Delivery Rate: This assesses whether agents can
successfully deliver a final plan within a limited
number of steps, determined by difficulty: Easy
(1 expert, 10 steps), Medium (2 experts, 20 steps),
Hard (3 experts, 30 steps).8 Plans that exceed the
limit are counted as failures (Xie et al., 2024).

• Design Pass Rate: This measures if the plan
correctly reflects both explicit user-specified con-
straints and implicit commonsense principles.
We prompt GPT-59 to score color, text, and im-
agery alignment on a five-point Likert scale.

• Step Efficiency: This metric represents the pro-
portion of unique (non-duplicate) to total steps.

• Expert Use Efficiency: This metric captures
how effectively a plan minimizes switching be-
tween expert agents. For a plan p with N steps
and E unique experts:

Eff .(p) =
E − 1

max
(
1,
∑N

i=1 1(experti ̸= experti−1)
) (1)

(2) Execution Evaluation

• Execution Success Rate: This measures the pro-
portion of plans executable without errors.

• Fidelity: This metric captures whether the re-
quired user images appear in the final outcome,
measured via template matching (opencv).

• Content Similarity: Semantic alignment be-
tween the user query and the final outcome, mea-
sured using CLIPScore (Hessel et al., 2021).

• VQA Pass Rate: This metric measures how
well the final design outcome reflects the com-
ponents specified in the user query, using Vi-
sual Question-Answering (VQA) (Agrawal et al.,
2016). For each query, we use GPT-4 to generate
component-based questions,10 and then answer
them with LLAVA-1.5 13B (Liu et al., 2024).
Pass rate is the average Yes/No accuracy (Zhao
et al., 2024).

• Creativity: Following Torrance (1966); Runco
and Jaeger (2012), we assess Originality (unique-
ness) and Elaboration (extent to which the design
expands on the user query by adding meaningful
details) on a five-point Likert scale using GPT-5.

8Step limits are based on human-annotated plans.
9https://openai.com/gpt-5/

10On average, 9.07, 10.0, 7.89, 8.70 questions are generated
per user query for book covers, business cards, postcards, and
posters, respectively. Examples are in Appendix B.4.

4 Experiment Setup

Models. We focus on VLMs with input context
lengths of at least 32K tokens due to the extensive
information required for planning. We evaluate
four open-weight models of varying sizes and fami-
lies: QWEN-2.5-VL 7B and 32B (Bai et al., 2025),
GEMMA-3 12B and 27B (Team et al., 2025), and
two closed-source models: GPT-O4-MINI11 and
GPT-4.1.12 We use temperature of 0.0.13

Planning Strategies. To study the impact of
agentic planning, we compare two strategies: di-
rect and agentic. In the direct mode, a single VLM
agent generates the entire design plan without in-
voking the multi-step planning process illustrated
in Figure 1. In the agentic mode, we adopt a hierar-
chical framework where a supervisor VLM agent
as coordinates a group of expert agents ai ∈ A for
planning (Fourney et al., 2024; Zhang et al., 2025).

Specifically, for each user query, the supervisor
agent as assembles an expert groupA based on pre-
defined role descriptions and assigns a high-level
goal to each expert agent ai ∈ A. We instanti-
ate three design experts, each aligned with one of
our three design environments (§3.2) and prompted
with distinct expertise and responsibilites:

• Photo Editor: An agent with an expertise in
Adobe Photoshop, responsible for image editing,
color correction, and applying filters.

• Vector Graphic Editor: An agent with an exper-
tise in Adobe Illustrator, focused on creating
and editing vector illustrations.

• Layout Designer: An agent with an expertise in
Adobe InDesign, responsible for customizing

layout templates, exporting files, and integrating
text with visual elements.

Each expert VLM agent ai then proposes its own
plan pi conditioned on its assigned goal. To em-
ulate human problem-solving process (Zhu et al.,
2023), each ai is instructed to plan with a sequence
of actionable steps (Yang et al., 2024a; Wu et al.,
2024b; Zheng et al., 2025), which further facilitates
accurate tool retrieval (Huang et al., 2024). The
supervisor then overlooks these individual plans
in terms of the overall goal and merges them into
a single cohesive plan ps, which is then executed
sequentially, yielding the final design outcome.

11https://openai/com/o3-and-o4
12https://openai.com/index/gpt-4-1/
13HuggingFace model names are in Appendix A.
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Model

Planning Execution

Delivery
Rate
(%)

Design
Pass
Rate
(%)

Step
Eff.

Expert
Use
Eff.

Success
Rate
(%)

Fidelity Content
Simi-
larity

VQA
Pass
Rate
(%)

Creative
(O)

Creative
(E)

Direct mode

QWEN-2.5-VL 7B 27.1 22.5 45.5 0.98 10.3 0.01 5.70 16.0 1.05 0.64
QWEN-2.5-VL 32B 57.3 19.7 56.0 1.00 17.5 0.04 6.62 19.0 1.18 1.07
GEMMA-3 12B 37.7 19.0 63.8 0.99 14.9 0.03 6.93 13.6 1.18 0.76
GEMMA-3 27B 67.8 24.7 70.9 1.00 22.3 0.09 9.30 17.7 1.09 1.10
GPT-O4-MINI 46.2 23.3 79.5 1.00 28.0 0.11 8.70 21.5 1.14 1.13
GPT-4.1 30.3 30.1 82.5 1.00 29.5 0.13 13.1 23.3 1.39 1.36

Agentic mode

QWEN-2.5-VL 7B 15.2 51.8 92.0 1.00 39.4 0.15 22.5 37.6 1.77 1.59
QWEN-2.5-VL 32B 39.6 49.7 92.4 1.00 61.3 0.20 22.3 35.5 1.89 1.65
GEMMA-3 12B 27.3 54.5 96.5 1.00 58.1 0.17 21.0 36.2 2.01 1.68
GEMMA-3 27B 51.4 54.4 93.1 1.00 55.4 0.20 26.7 44.7 1.98 2.04
GPT-O4-MINI 20.8 51.1 97.1 1.00 56.5 0.20 28.3 44.9 1.78 1.99
GPT-4.1 13.9 56.8 94.7 1.00 62.5 0.21 29.3 44.7 2.02 2.06

Table 4: Planning and execution results of different VLMs and planning strategies on GraphicWeaver. For each planning
mode, column-wise best scores are bolded and second-best scores are underlined. All metrics are interpreted as higher values for
better performance (↑). Scores are aggregated over the four design categories; per category results are provided in Appendix C.1.

5 Results

We discuss the performance of various VLM agents
across planning strategies (§5.1) on GraphicWeaver
in terms of planning (§5.2) and execution (§5.3).

5.1 Direct vs. Agentic Mode

As shown in Table 4, all VLM agents perform
worse in the direct mode than in the agentic mode
on nearly all metrics, with the exception of delivery
rate. We attribute the higher delivery rate in direct
mode to the fact that directly generated plans are
typically shorter, and thus more easily satisfy the
maximum number of steps constraint. Expert use
efficiency also remains close to perfect in the direct
mode, since most models tend to persist with a sin-
gle expert agent throughout the entire plan rather
than switching between experts.

Other planning and execution metrics are sub-
stantially lower in the direct mode, with the largest
gap reaching over 30%. For instance, design pass
rate drops from 53.1% (agentic) to 23.2% (direct)
on average, step efficiency from 94.3% to 66.3%,
and execution success rate from 55.5% to 20.4%.
Together, these results highlight the importance of
an agentic framework for complex design planning,
suggesting that decomposing the task and coordi-
nating specialized experts is more effective than
asking VLMs to plan in one-shot.

5.2 Planning

In the agentic mode, all evaluated VLM agents
still struggle to deliver plans within the step limit
on GraphicWeaver. GEMMA-3 27B achieves the
highest rate at only 51.4%, with all other models
remaining below 40%. Design pass rates are also
modest, indicating difficulty in jointly satisfying ex-
plicit user-specified requirements and implicit com-
monsense design constraints: GPT-4.1 achieves
the highest design pass rate at 56.8%, while QWEN-
2.5-VL 32B scores the lowest (49.7%). In contrast,
step efficiency and expert use efficiency remain rel-
atively high, suggesting that the generated plans
contain only a few redundant steps and avoid un-
necessary switching between expert agents.

Across the four design categories, poster plans
achieve the highest design pass rate (54.8%),
whereas business card plans exhibit the lowest de-
livery and design pass rates. This is likely due to
the higher number of text elements and, for some
queries, the added complexity of planning designs
for both the front and back of the card. Detailed
per-category results are reported in Appendix C.1.

5.3 Execution

Execution metrics are also low across all evaluated
VLM agents. The proportion of plans that fully exe-
cute ranges from 39.4% for QWEN-2.5-VL 32B to
at most 62.5% for GPT-4.1. Even among success-
fully executed plans, the resulting design outcomes
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Figure 2: Error distribution for each VLM. For all tested models, majority of the errors stem from inconsistent planning
across design components (Inconsistency) or failing to resolve dependencies across steps in design plans (Dependency).

receive low scores on measures of alignment with
both user queries and images. For example, fi-
delity to the user images remains around 0.10-0.20
across models, with the best score of 0.21 achieved
by GPT-4.1. Semantic similarity between user
queries and final designs is likewise limited, rang-
ing from 21.0% for GEMMA-3 12B to a maximum
of 29.3% for GPT-4.1. None of the VLMs achieve
a VQA pass rate above random chance (50% for
Yes/No accuracy), with the highest score being
44.9% for GPT-O4-MINI. Additionally, the over-
all creativity of the generated design outcomes, as
judged by GPT-5, remains low on both originality
(O) and elaboration (E), with all models scoring
roughly between 1.5 and 2.0 on these scales.

Taken together, these results show that Graph-
icWeaver presents a substantial challenge for cur-
rent VLM agents: even the state-of-the-art VLMs,
when equipped with agentic planning strategy, still
fall short of planning and successful execution in
complex graphic design tasks.

6 Analysis

We present further analysis on the agentic mode.

6.1 Expert & Tool-Use Analysis

We visualize the distribution and flow of expert
agents in the generated plans in Figure 3. On aver-
age, 2.11 expert agents are recruited per user query.
Across models, the Photo Editor and Layout De-
signer are most frequently paired, reflecting their
complementary roles, whereas the Vector Graphic
Editor is used less often since most queries already
specify images to incorporate into the planning.
The Layout Designer is responsible for the largest
share of steps (15.2 on average), followed by the
Vector Graphic Editor (10.4) and the Photo Editor
(8.24). In terms of agent ordering, models exhibit
clear preferences: the most common transition is
Photo Editor→ Layout Designer (43.3% of tran-
sitions), followed by Layout Designer → Photo
Editor (21.5%) and plans that use only the Layout

Figure 3: Aggregated expert agent usage ordering. Most
common order is Photo Editor→ Layout Designer.

Designer accounting for 17.8% of cases.
As further detailed in Appendix C.2, expert

agents consistently rely on only a small subset of
their available tools: the Photo Editor primarily per-
forms object manipulation, while Layout Designer
focuses on text operations. The most frequent tool
usage sequences closely resemble workflows in
human-annotated references (e.g., document cre-
ation → set background color → import and ma-
nipulate images → text), indicating that previously
observed human-like reasoning patterns (Wei et al.,
2023) possibly extend to graphic design planning.

6.2 Error Analysis

We categorize step-level errors in the generated
plans into four types, as illustrated in Figure 2: (1)
Invalid Expert, where a non-existent agent is as-
signed; (2) Invalid Tool/Parameter, where tools
outside the defined toolset or non-defined parame-
ters are selected; (3) Inconsistency, where a step’s
assumptions conflict with design components, and
(4) Dependency, where an operation references
an object that is unavailable or uninitialized. We
summarize our main findings as follows:

1. Dependency errors dominate, accounting for
62.5% of all errors. These include both local
(within-agent) and global (across-agent) depen-
dencies. All models particularly struggle with
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global dependencies, often failing to correctly
reference objects instantiated by other agents.
We also observe that the proportion of depen-
dency errors among all errors tends to increase
for larger, closed-source models.

2. Inconsistency errors are also common, ac-
counting for 30.3% of errors across all tested
models. These typically occur when a plan con-
tains mutually incompatible assumptions about
the target design—for example, fist specifying
that an element should be centered, then later
introducing steps that place other elements in
the same position. This is consistent with previ-
ously reported spatial reasoning limitations of
VLMs (Yamada et al., 2024; Wu et al., 2024a).

3. Invalid tool or parameter errors are particu-
larly common in smaller, open-weight models
(the QWEN-2.5-VL and GEMMA-3 families).
These errors often stem from hallucinated tools
(e.g., CreateTextAndResize ) or incor-
rect tool choices (e.g., mapping “Move the title
to the center.” to RepositionObject in-
stead of RepositionText ), even when the
full toolset is provided, underscoring the need
for more reliable tool retrieval mechanisms.

Overall, VLM agents primarily struggle with
global dependency handling and spatial reasoning,
highlighting the need for more robust reasoning
over design components and improved dependency
resolution approaches.

7 Conclusion

We introduce GraphicWeaver, a planning bench-
mark grounded in real-world graphic design needs,
to assess the complex design planing and tool-use
capabilities of current vision-language agents. Our
comprehensive evaluation of six VLMs show that
GraphicWeaver remains highly challenging even
for state-of-the-art models with an agentic planning
strategy: agents struggle both to reason over user
queries and to devise actionable plans, as well as
to retrieve and execute appropriate tools to achieve
the target design outcomes. Error analysis further
reveals systematic weaknesses in tool selection,
understanding spatial relationships across design
components, and, most critically, recognizing and
handling global dependencies across agents.

We envision GraphicWeaver as a stepping stone
toward building more capable graphic design as-
sistants, grounded in realistic tasks and constraints.

We hope our work spurs future research on advanc-
ing planning in more open-ended creative tasks.

8 Limitation

Our study comes with certain limitations:

• GraphicWeaver assumes a scenario in which user
queries explicitly specify the text and image el-
ements, as well as the precise attributes such as
color and text position. However, in realistic set-
tings, users may not always specify or even know
exactly what images to include in a design, or
they may express their requests at a very high-
level (Ge et al., 2025). Future works can explore
scenarios where user input is limited, requiring
models to seek clarification through interactions
with users (Qian et al., 2024b; Li et al., 2024).

• The number of tools available in GraphicWeaver
is currently limited to a fixed set of 46, as each
corresponding JavaScript code was manually
written by the authors. This set is not exhaus-
tive of all possible tools within the three design
environments. Future works can investigate auto-
mated methods for dynamically generating and
retrieving tools (Yuan et al., 2024) or integrate a
retrieval-augmented generation module (Lewis
et al., 2021) into tool retrieval pipeline to enable
agents make more informed decisions. Addi-
tionally, GraphicWeaver is currently limited to
four design categories (book cover, business card,
postcard, poster) and only considers three design
expert agents, which does not cover the full range
of design variants in graphic design tasks.

• Our experiments primarily focus on evaluating
the performance of VLMs’ capabilities in design
planning. Supporting Large Language Models
(LLMs) would require a different setup, includ-
ing prompting with image captions instead of
raw images, which is available in GraphicWeaver.
Moreover, our agents operate in a stateless plan-
ning environment, relying only on the user query
and the provided toolset. This allows us to isolate
and evaluate the VLMs’ planning capabilities, in-
dependent of environmental feedback. We view
extending our work to support LLMs and percep-
tual tools as a valuable future direction.

• The scope of our experiments is constrained by
computational and API budgets: we focus on
open-weight models that can be run locally and
closed-source models within our cost limits. Con-
sequently, our findings may not fully generalize
to other model families or larger-scale models.
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A HuggingFace Models

HuggingFace model names for open-weight mod-
els are listed in Table 5.

B GraphicWeaver Construction Pipeline

B.1 Environment Setting
The complete list of 46 available tools in Graph-
icWeaver is provided in Table 6. All tools are
derived based on Adobe’s official tutorial videos,
which provides a diverse range of commonly used
operations by graphic design practitioners. In Fig-
ure 4, we further show an example of one exe-
cutable JavaScript code for AdjustBC tool for
the Photo Editor agent.

B.2 Human Annotation
We present examples of human-annotated user
queries for each design category in Table 7. Anno-
tators are instructed to use the same design environ-
ment(s) as those employed in the original reference
designs.

B.3 Quality Control
We detail the human annotation process as part of
constructing GraphicWeaver. We built our custom
annotation interface as illustrated in Figure 5. We
invited 8 students to participate and provide a com-
pensation of 10 USD gift card each. Before the
survey, we show examples of both successful and
failed cases to provide some context of annotation
standards to annotators.

As part of the pre-survey, annotators were asked
two questions on a five-point Likert scale: (1) De-
sign tool usage: How often do you use design tools
in daily work and life? (1:Never, 5:Always) and
(2) Adobe software usage: How familiar are you
in using Adobe software (e.g., Photoshop, Illustra-
tor)? (1:Not familiar at all, 5: Extremely famil-
iar). Of the 8 annotators, for design tool usage, 3
responded “Never” (Never in the past month), 4
“Rarely” (Fewer than once a week), and 1 “Some-
times” (two or three times a week). For Adobe
software usage, 3 were “Not familiar at all” (have
never used it before), 2 “Slightly familiar” (have
some basic knowledge but have rarely used it), and
3 “Moderately familiar” (can perform simple tasks
but may need guidance for more complex features).

B.4 VQA Examples
We present several examples of generated ques-
tions for measuring VQA pass rate as part of the

Model HuggingFace Name
QWEN-2.5-VL 7B Qwen/Qwen2.5-VL-7B-Instruct
QWEN-2.5-VL 32B Qwen/Qwen2.5-VL-32B-Instruct
GEMMA-3 12B google/gemma-3-12b-it
GEMMA-3 27B google/gemma-3-27b-it

Table 5: HuggingFace model names for the tested open-
weight models.

execution evaluation are detailed in Table 8.

C Detailed Results

C.1 Planning & Execution Evaluation
We provide the full numerical results by VLM and
design category for all planning and execution met-
rics in Table 9 (direct) and Table 10 (agentic).

C.2 Tool-Use Analysis
We present the top-3 most common tool-use
sequences for each VLM in Table 11. We
find that many of the sequences closely follow
human-annotated workflows, typically starting
with document creation ( CreateDocument or
CreateDocumentCustom ), setting the back-

ground color ( SetBackgroundColor ), im-
porting images as objects ( ImportObject ),
manipulating the imported object (such as us-
ing ResizeObject , RepositionObject ,
etc.), saving the document ( SaveDocument ),
and manipulating text elements ( CreateText ,
ApplyFont , ColorText , etc.).
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Category Tool Input Parameters Description Env.

Basic

CreateDocument docType Create new document with pre-defined dimensions.
CreateDocumentCustom width, height Create new document with desired width and height values.
SetBackgroundColor red, green, blue Set the background color to desired RGB color.
SaveDocument fileName, format Save the current document into desired format.

Drawing

DrawCircle layerName, radius, red, green,
blue

Draw a circle of desired radius and RGB color.

DrawEllipse layerName, majorRadius,
minorRadius, red, green, blue

Draw an ellipse of desired radius and RGB color.

DrawLine layerName, startX, startY, endX,
endY, strokeWidth, red, green,
blue

Draw a line of desired length, stroke, and RGB color.

DrawPolygon layerName, sides, radius, red,
green, blue

Draw a polygon of desired number of sides, radius, and RGB
color.

DrawRectangle layerName, width, height, red,
green, blue

Draw a rectangle of desired size and RGB color.

DrawStar layerName, numPoints, radius, red,
green, blue

Draw a star of desired number of points, radius, and RGB color.

DrawTriangle layerName, base, height, red,
green, blue

Draw a triangle of desired size and RGB color.

OpacityDrawing layerName, opacity Adjust opacity of a drawing.
RemoveDrawing layerName Remove a drawing.
RepositionDrawing layerName, posX, posY Reposition a drawing to desired x and y-axis position.
ResizeDrawing layerName, width, height Resize a drawing to desired width and height.
RotateDrawing layerName, angle Rotate a drawing to desired angle.
StorkeDrawing layerName, strokeWidth, red, green,

blue
Adjust stroke of a drawing with desired width and RGB color.

Text

AlignText layerName, alignment Align text to desired alignment (left, center, right).
ApplyFont layerName, fontName Apply font to text.
ArrangeText layerName, arrangement Arrange text to desired arrangement (front, frontward, back,

backward).
ColorText layerName, red, green, blue Color text to desired RGB color.
CreateText layerName, textString Create a new text (default to Arial font).
OpacityText layerName, opacity Adjust opacity of text.
RemoveText layerName Remove text.
RepositionText layerName, posX, posY Reposition text to desired x and y-axis position.
ResizeText layerName, fontSize Resize text to desired font size.
RotateText layerName, angle Rotate text to desired angle.
StrokeText layerName, strokeWidth, red, green,

blue
Adjust stroke of text with desired width and RGB color.

Object

ImportObject fileName, layerName Import an image or object from file path.
OpacityObject fileName, opacity Adjust opacity of an object.
RemoveObject fileName Remove an object.
RepositionObject fileName, posX, posY Reposition an object to desired x and y-axis position.
ResizeObject fileName, width, height Resize an object to desired width and height.
RotateObject fileName, angle Rotate an object to desired angle.
GenerateQRObject layerName, linkURL Generate a QR code with desired URL embedded.
AdjustBC layerName, brightness, contrast Adjust brightness and contrast level of an object.
AdjustBW layerName Change an object to black & white.
AdjustHSL layerName Adjust hue, saturation, and lightness level of an object.
BlurObject layerName, blurAmount Blur an object to desired amount.
PhotoFilter layerName, filterType, density Apply a photo filter to an object with desired density.
GlassFilter layerName, distortion, smoothness,

scaling
Apply a glass filter to an object with the specified parameters.

GlowFilter layerName, graininess, glowAmount,
clearAmount

Apply a glow filter to an object with the specified parameters.

OceanRippleFilter layerName, rippleSize,
rippleMagnitude

Apply an ocean ripple filter to an object with the specified
parameters.

StainedGlassFilter layerName, cellSize,
borderThickness, lightIntensity

Apply a stained glass filter to an object with the specified pa-
rameters.

PatchWorkFilter layerName, squareSize, relief Apply a patchwork filter to an object with the specified parame-
ters.

WatercolorFilter layerName, brushDetail,
shadowIntensity, texture

Apply a watercolor filter to an object with the specified parame-
ters.

Table 6: Complete list of available tools in GraphicWeaver. Each tool requires specific parameters for execution. Experts:
The expert agent(s) which supports the execution of a specific tool. For numerical parameters, we provide reference ranges (e.g.,
angle as [0, 360], brightness as [-150, +150]). For parameters in filter-related functions, we provide a short description.
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JavaScript for AdjustBC action (Photo Editor agent)

function promptForLayerName() {
var layerName = arguments[0];

if (layerName == null || layerName == "") {
throw new Error("Layer with the name ’" + layerName + "’ does not exist.");

}
return layerName;

}

function promptForAdjustmentValues() {
var brightness = parseInt(arguments[1], 10);
var contrast = parseInt(arguments[2], 10);

if (isNaN(brightness) || isNaN(contrast)) {
throw new Error("Invalid input provided. Please run the script again and provide valid numbers.");

}
return { brightness: brightness, contrast: contrast };

}

function layerExists(layerName) {
var ref = new ActionReference();
ref.putName(charIDToTypeID("Lyr "), layerName);
try {

var desc = executeActionGet(ref);
return true;

} catch (e) {
return false;

}
}

function selectLayerByName(layerName) {
var idselect = charIDToTypeID("slct");
var desc = new ActionDescriptor();
var idnull = charIDToTypeID("null");
var ref = new ActionReference();
var idLyr = charIDToTypeID("Lyr ");
ref.putName(idLyr, layerName);
desc.putReference(idnull, ref);
var idMkVs = charIDToTypeID("MkVs");
desc.putBoolean(idMkVs, false);
executeAction(idselect, desc, DialogModes.NO);

}

function applyBrightnessContrastAdjustment(brightness, contrast) {
var idBrtC = charIDToTypeID("BrgC");
var desc = new ActionDescriptor();
desc.putUnitDouble(charIDToTypeID("Brgh"), charIDToTypeID("#Prc"), brightness);
desc.putUnitDouble(charIDToTypeID("Cntr"), charIDToTypeID("#Prc"), contrast);
executeAction(idBrtC, desc, DialogModes.NO);

}

function adjustBrightnessContrast() {
if (!layerExists(layerName)) {

throw new Error("Layer with the name ’" + layerName + "’ does not exist.");
}

var layerName = promptForLayerName();
if (layerName == null) {

throw new Error("Layer name does not exist.");
}

var adjustments = promptForAdjustmentValues();
if (adjustments == null) {

throw new Error("Parameter values are not provided.");
}

selectLayerByName(layerName);
applyBrightnessContrastAdjustment(adjustments.brightness, adjustments.contrast);

}

adjustBrightnessContrast();

Figure 4: JavaScript code snippet for AdjustBC for the Photo Editor agent. Each tool corresponds to an executable
function in the design environment that takes predefined parameter values as input.
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Category Example User Query Reference Design Env.

Book Cover

Create a book cover design for a romance novel titled ‘Love
\n Story’ featuring a silhouette illustration of a couple in a
romantic pose against a pink moonlit background. The title
should be at the top center, the author’s name ‘A Novel By \n
Olivia Wilson’ below the title, and the tagline ‘Best Selling
Book of the Year’ above the title, all in white.

Business Card

Create a one-sided business card design with a light yellow
background for the bookstore‘CACTUS’. Replace the ‘T’ in
‘CACTUS’ with a cactus-shaped illustration in green font, cen-
tered and add a tagline ‘Livros Novos e Usados’ in green font
below the bookstore name.

Postcard

Create a postcard design with the message ‘Think Happy!’ in a
red, curly font on a floral background featuring a mix of warm-
toned roses. Place a semi-transparent white box behind the
message.

Poster

Create a poster design with a light yellow background, featuring
a large jellyfish illustration centered within a black rectangular
box. Add a bold, black title ‘JELLYFISH’ at the top and place
a brief informative sentence about jellyfish in white font at the
bottom left corner.

Table 7: Examples of human-annotated user queries, reference designs, and resulting design outcomes for each design
category. Env.: Design environment(s) used for planning and execution.

Category Example User Query Example Questions

Book Cover Please create a self-help book cover design titled ‘Achieve Your
Dreams’ with the author’s name ‘Nathan White’, featuring a
person climbing a mountain centered in the lower half against
a sunrise background. The title should be at the top center in
white, the author’s name below the title in white, and the tagline
‘Climb Higher, Dream Bigger.’ below the author’s name in
white.

[“Is there a text ‘Achieve Your Dreams’?”, “Is there a text
’Nathan White’?”, “Is there a person climbing a mountain?”, “Is
the background a sunrise?”, “Is the text ’Achieve Your Dreams’
at the top center in white?”, “Is the text ’Nathan White’ below
the title in white?”, “Is the text ’Climb Higher, Dream Bigger.’
below the author’s name in white?”, “Is the person climbing a
mountain centered in the lower half?”]

Business Card I need to create a business card design for ‘Sparkle Jewelry’
with a royal blue background. Please include the company
name in large gold font centered, and a medium-sized diamond
icon placed above the company name. The contact details of
‘Phone: +1 987 654 3210 \n Email: info@sparklejewelry.com
\n Address: 12 Gem St, Los Angeles, CA, USA’ should be in
small gold font, placed bottom right.

[“Is the background of the business card royal blue?”, “Is the
company name ‘Sparkle Jewelry’ in large gold font?”, “Is the
company name centered?”, “Is there a medium-sized diamond
icon?”, “Is the diamond icon placed above the company name?”,
“Are the contact details in small gold font?”, “Are the contact
details placed at the bottom right?”, “Is the phone number ‘+1
987 654 3210’ included in the contact details?”, “Is the email
‘info@sparklejewelry.com’ included in the contact details?”, “Is
the address ‘12 Gem St, Los Angeles, CA, USA’ included in
the contact details?”]

Postcard Please create a motivational postcard design with the message
‘Stay Positive, Work Hard’ at the top in red on a yellow back-
ground featuring a large lion roaring at the bottom.

[“Is there a text ’Stay Positive, Work Hard’?”, “Is the text ’Stay
Positive, Work Hard’ at the top?”, “Is the text ’Stay Positive,
Work Hard’ in red?”, “Is the background yellow?”, “Is there
an illustration of a lion?”, “Is the lion roaring?”, “Is the lion
illustration large?”, “Is the lion illustration at the bottom?”]

Poster Could you help create a promotional poster design for a jazz
festival on a deep blue background, featuring a large image of a
saxophonist playing in the center, a huge bold title ‘JAZZFEST’
in gold at the top center, and event details ‘Jazz Festival | May
5-7, 2023 | Central Park, New York’ in medium golden text at
the bottom right?

[“Is there a deep blue background?”, “Is there a large image of
a saxophonist playing in the center?”, “Is there a huge bold title
‘JAZZFEST’?”, “Is the title ‘JAZZFEST’ in gold?”, “Is the title
’JAZZFEST’ at the top center?”, “Is there event details ‘Jazz
Festival | May 5-7, 2023 | Central Park, New York’?”, “Is the
event details in medium golden text?”, “Is the event details at
the bottom right?”]

Table 8: Examples of the generated questions using GPT-4 for each design category. We use the questions to compute the
VQA pass rate as part of execution evaluation.
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Figure 5: Screenshot of human annotation interface. For each user query, annotators are asked to (Q1) evaluate how well
each design component aligns with the query on a five-point Likert scale and (Q2) rank the three images from 1 to 3 based on
their relevance to the query. Additionally, they have the option to provide free-form feedback.
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Model

Planning Execution

Delivery
Rate
(%)

Design
Pass
Rate
(%)

Step
Eff.

Expert
Use
Eff.

Success
Rate
(%)

Fidelity Content
Simi-
larity

VQA
Pass
Rate
(%)

Creative
(O)

Creative
(E)

Direct mode (aggregated)

QWEN-2.5-VL 7B 27.1 22.5 45.5 0.98 10.3 0.01 5.70 16.0 1.05 0.64
QWEN-2.5-VL 32B 57.2 19.7 55.9 1.00 17.5 0.04 6.62 19.0 1.18 1.07
GEMMA-3 12B 37.7 19.0 63.8 0.99 14.9 0.03 6.93 13.6 1.18 0.76
GEMMA-3 27B 67.8 24.8 70.9 1.00 22.3 0.09 9.36 17.7 1.09 1.09
GPT-O4-MINI 46.2 23.3 79.5 1.00 27.9 0.10 8.72 21.5 1.14 1.12
GPT-4.1 30.3 30.1 82.5 1.00 29.5 0.13 13.1 23.3 1.39 1.35

Book Cover

QWEN-2.5-VL 7B 9.34 25.5 38.3 0.98 3.5 0.00 5.72 21.6 1.15 0.64
QWEN-2.5-VL 32B 52.8 21.1 65.1 1.00 16.8 0.00 5.12 24.8 1.44 1.02
GEMMA-3 12B 23.8 20.0 66.5 1.00 14.4 0.09 7.08 14.5 1.18 0.97
GEMMA-3 27B 68.9 25.5 75.7 1.00 25.9 0.09 9.50 19.9 1.06 1.32
GPT-O4-MINI 45.6 23.1 81.4 1.00 27.4 0.09 10.4 20.7 1.08 1.09
GPT-4.1 30.5 28.1 80.3 1.00 29.9 0.12 14.2 21.8 1.25 1.32

Business Card

QWEN-2.5-VL 7B 18.7 27.4 44.5 0.97 10.3 0.00 5.00 15.7 0.98 0.77
QWEN-2.5-VL 32B 30.6 16.1 46.3 1.00 12.5 0.00 4.67 16.2 1.02 0.94
GEMMA-3 12B 20.9 15.6 68.4 0.98 12.9 0.00 5.72 11.8 1.05 0.64
GEMMA-3 27B 45.6 19.3 65.4 1.00 22.8 0.05 7.45 15.6 1.07 0.97
GPT-O4-MINI 37.8 21.1 74.5 1.00 24.4 0.10 7.75 19.3 1.04 0.97
GPT-4.1 18.9 25.7 81.4 1.00 26.1 0.12 11.1 21.0 1.43 1.09

Postcard

QWEN-2.5-VL 7B 45.6 21.9 55.8 0.98 15.3 0.01 6.95 14.5 0.96 0.43
QWEN-2.5-VL 32B 66.7 23.4 55.6 1.00 18.9 0.08 8.01 19.4 1.13 1.23
GEMMA-3 12B 72.4 21.0 61.1 1.00 16.9 0.03 7.33 15.6 1.25 0.77
GEMMA-3 27B 82.1 27.9 70.9 1.00 19.2 0.11 9.58 17.8 1.09 0.93
GPT-O4-MINI 40.6 23.8 82.2 1.00 31.0 0.11 8.51 23.4 1.18 1.12
GPT-4.1 20.7 34.3 83.5 1.00 30.9 0.14 13.8 24.6 1.57 1.47

Poster

QWEN-2.5-VL 7B 34.9 15.2 43.2 1.00 12.0 0.02 5.12 12.2 1.12 0.71
QWEN-2.5-VL 32B 78.9 18.3 56.8 1.00 21.7 0.09 8.66 15.6 1.11 1.08
GEMMA-3 12B 33.6 19.4 59.2 1.00 15.5 0.02 7.58 12.6 1.25 0.67
GEMMA-3 27B 74.5 26.3 71.4 1.00 21.3 0.11 10.9 17.4 1.15 1.16
GPT-O4-MINI 60.7 25.3 80.0 1.00 29.0 0.12 8.21 22.6 1.24 1.32
GPT-4.1 51.1 32.3 84.7 1.00 31.2 0.13 13.3 25.7 1.32 1.54

Table 9: Planning and execution results of different VLMs on GraphicWeaver for direct mode (aggregated and per
category). For each section, column-wise best scores are bolded and second-best scores are underlined. All metrics are
interpreted as higher values for better performance (↑).

74



Model Planning Execution

Delivery
Rate
(%)

Design
Pass
Rate
(%)

Step
Eff.

Expert
Use
Eff.

Success
Rate
(%)

Fidelity Content
Simi-
larity

VQA
Pass
Rate
(%)

Creative
(O)

Creative
(E)

Agentic mode (aggregated)

QWEN-2.5-VL 7B 15.2 51.8 92.0 1.00 39.4 0.14 22.5 37.6 1.77 1.59
QWEN-2.5-VL 32B 39.6 49.7 92.4 1.00 61.3 0.20 22.3 35.4 1.89 1.65
GEMMA-3 12B 27.3 54.5 96.5 1.00 58.1 0.17 21.0 36.2 2.01 1.68
GEMMA-3 27B 51.4 54.4 93.1 1.00 55.4 0.20 26.7 44.7 1.98 2.04
GPT-O4-MINI 20.8 51.1 97.1 1.00 56.5 0.20 28.3 44.8 1.78 1.99
GPT-4.1 13.9 56.8 94.7 1.00 62.5 0.21 29.3 44.7 2.02 2.06

Book Cover

QWEN-2.5-VL 7B 6.40 52.4 92.6 1.00 10.6 0.10 17.2 37.9 1.75 1.57
QWEN-2.5-VL 32B 40.0 56.1 95.4 1.00 66.0 0.18 17.4 34.1 1.99 1.73
GEMMA-3 12B 17.5 55.9 97.2 1.00 60.8 0.17 18.3 33.0 2.22 1.99
GEMMA-3 27B 57.4 53.6 90.7 1.00 53.5 0.19 23.6 46.4 2.07 2.14
GPT-O4-MINI 23.9 48.9 97.0 1.00 55.0 0.18 27.3 41.0 1.91 1.96
GPT-4.1 4.90 56.9 95.4 1.00 66.4 0.22 24.0 38.3 2.00 2.07

Business Card

QWEN-2.5-VL 7B 12.3 48.8 94.3 1.00 56.0 0.12 19.4 30.7 1.61 1.53
QWEN-2.5-VL 32B 46.8 44.2 90.5 1.00 62.1 0.20 18.5 29.8 1.73 1.64
GEMMA-3 12B 1.70 53.3 96.5 1.00 58.1 0.15 19.2 34.5 1.81 1.64
GEMMA-3 27B 9.60 53.4 94.4 1.00 54.6 0.16 24.8 39.2 1.91 1.98
GPT-O4-MINI 2.60 51.2 97.0 1.00 56.1 0.19 32.1 47.7 1.85 1.79
GPT-4.1 0.00 55.8 93.8 1.00 60.7 0.20 27.8 46.9 2.12 2.03

Postcard

QWEN-2.5-VL 7B 21.2 53.6 91.0 1.00 48.9 0.18 30.9 48.7 1.98 1.91
QWEN-2.5-VL 32B 61.1 43.1 90.9 1.00 62.8 0.21 31.0 46.9 2.06 1.75
GEMMA-3 12B 68.0 55.2 94.4 1.00 56.4 0.18 23.3 40.1 2.13 1.73
GEMMA-3 27B 82.3 54.8 95.4 1.00 59.5 0.22 31.2 50.2 2.14 2.20
GPT-O4-MINI 15.4 50.3 96.8 1.00 53.6 0.20 28.3 45.0 1.70 2.18
GPT-4.1 8.00 56.5 94.2 1.00 57.5 0.21 33.6 48.4 2.20 2.22

Poster

QWEN-2.5-VL 7B 20.9 52.4 90.0 1.00 42.2 0.18 22.5 33.3 1.75 1.37
QWEN-2.5-VL 32B 10.6 55.4 92.9 1.00 54.3 0.19 22.1 30.9 1.77 1.47
GEMMA-3 12B 21.9 53.6 97.9 1.00 57.2 0.18 23.2 37.3 1.88 1.37
GEMMA-3 27B 56.1 55.6 91.7 1.00 53.9 0.21 27.0 43.1 1.79 1.85
GPT-O4-MINI 41.4 53.9 97.5 1.00 61.3 0.21 25.5 45.6 1.67 2.04
GPT-4.1 42.7 57.9 95.4 1.00 65.3 0.22 31.8 45.3 1.75 1.91

Table 10: Planning and execution results of different VLMs on GraphicWeaver for agentic mode (aggregated and per
category). For each section, column-wise best scores are bolded and second-best scores are underlined. All metrics are
interpreted as higher values for better performance (↑).
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Model Frequency Tool-Use Sequence
QWEN-2.5-VL 7B 34 CreateDocumentCustom → SetBackgroundColor → ImportObject → ResizeObject →

RepositionObject → CreateText → ApplyFont → ColorText → AlignText → ResizeText →
RepositionText→ ExportDocument→ AdjustHSL→ SaveDocument

22 CreateDocumentCustom → SetBackgroundColor → ImportObject → ResizeObject →
RepositionObject → AdjustHSL → SaveDocument → CreateText → ApplyFont → ColorText
→ AlignText→ ResizeText→ ExportDocument

17 CreateDocumentCustom → SetBackgroundColor → ImportObject → ResizeObject →
RepositionObject → AdjustHSL → SaveDocument → CreateText → ResizeText → ColorText
→ AlignText→ RepositionText→ ExportDocument

QWEN-2.5-VL 32B 45 CreateDocumentCustom → SetBackgroundColor → ImportObject → ResizeObject →
RepositionObject → SaveDocument → CreateText → ApplyFont → ColorText → AlignText
→ ExportDocument

22 CreateDocumentCustom → SetBackgroundColor → ImportObject → ResizeObject →
RepositionObject → SaveDocument → CreateText → ApplyFont → ColorText → AlignText
→ RepositionText→ ExportDocument

12 CreateDocumentCustom → SetBackgroundColor → CreateText → ColorText → AlignText →
ImportObject→ ResizeObject→ RepositionObject→ ExportDocument

GEMMA-3 12B 28 CreateDocumentCustom → SetBackgroundColor → ImportObject → ResizeObject →
RepositionObject → SaveDocument → CreateText → ResizeText → ColorText → AlignText
→ RepositionText→ ExportDocument

26 CreateDocumentCustom → SetBackgroundColor → ImportObject → ResizeObject →
RepositionObject → SaveDocument → CreateText → ResizeText → ColorText → AlignText
→ ExportDocument

14 CreateDocumentCustom → SetBackgroundColor → ImportObject → ResizeObject →
RepositionObject → CreateText → ApplyFont → ColorText → AlignText → ResizeText →
ExportDocument→ AdjustHSL→ SaveDocument

GEMMA-3 27B 59 CreateDocumentCustom → SetBackgroundColor → ImportObject → ResizeObject →
RepositionObject→ CreateText→ ColorText→ AlignText→ ExportDocument

48 CreateDocumentCustom → SetBackgroundColor → ImportObject → ResizeObject →
RepositionObject→ CreateText→ ResizeText→ ColorText→ AlignText→ ExportDocument

44 CreateDocumentCustom → ImportObject → ResizeObject → RepositionObject → SaveDocument
→ SetBackgroundColor→ CreateText→ ApplyFont→ ColorText→ AlignText→ ExportDocument

GPT-O4-MINI 78 CreateDocument → SetBackgroundColor → ImportObject → ResizeObject → RepositionObject
→ AdjustHSL→ SaveDocument→ CreateText→ ColorText→ AlignText→ ExportDocument

53 CreateDocumentCustom → SetBackgroundColor → ImportObject → ResizeObject →
RepositionObject→ AdjustHSL→ SaveDocument→ CreateDocument→ CreateText→ ColorText
→ AlignText→ ExportDocument

42 CreateDocumentCustom → SetBackgroundColor → CreateText → ColorText → AlignText →
ImportObject→ ResizeObject→ RepositionObject→ ExportDocument

GPT-4.1 37 CreateDocumentCustom → SetBackgroundColor → ImportObject → ResizeObject →
RepositionObject→ CreateText→ ColorText→ AlignText→ ExportDocument

33 CreateDocumentCustom → SetBackgroundColor → ImportObject → ResizeObject →
RepositionObject→ CreateText→ ResizeText→ ColorText→ AlignText→ ExportDocument

21 CreateDocument → SetBackgroundColor → ImportObject → ResizeObject → RepositionObject
→ AdjustHSL→ SaveDocument→ CreateText→ AlignText→ ExportDocument

Table 11: Top-3 most common tool-use sequences per model, ordered by frequency.
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D Prompts

D.1 GraphicWeaver Prompts

We show prompt templates used for constructing user queries in GraphicWeaver and prompting VLMs for
in the agentic mode below.

Prompt D.1.1: Query Construction (Book Cover)

Task: You are a design expert. Given the template for generating a book cover, fill in the placeholders with appropriate
design components. Generate 5 diverse examples in a Python list of strings. Be as creative as possible.

Template: Create a book cover design with a [background color] background, featuring [images]. The title
[title] should be placed at [position] in [color] and the author name [author name] at [position] in [color].
You may also include an optional [subtitle] or [tagline] if needed.

**** Example Starts ***
Create a book cover design for a romance novel titled ‘Love \n Story’ featuring a silhouette illustration of a couple in a
romantic pose against a pink moonlit background. The title should be at the top center, the author’s name ‘A Novel By \n
Olivia Wilson’ below the title, and the tagline ‘Best Selling Book of the Year’ above the title, all in white.
**** Example Ends ***

Examples:

Prompt D.1.2: Query Construction (Business Card)

Task: You are a design expert. Given the template for generating a business card, fill in the placeholders with appropriate
design components. Generate 5 diverse examples in a Python list of strings. Be as creative as possible.

Template: Create a [side]-sided business card design with a [background color] background, featuring [im-
ages]. The name [brand name] should be placed at [position] in [color].
You may also include an optional [contact details] or [tagline] if needed.

**** Example Starts ***
Create a one-sided business card design with a light yellow background for the bookstore‘CACTUS’. Replace the ‘T’ in
‘CACTUS’ with a cactus-shaped illustration in green font, centered and add a tagline ‘Livros Novos e Usados’ in green
font below the bookstore name.
**** Example Ends ***

Examples:

Prompt D.1.3: Query Construction (Postcard)

Task: You are a design expert. Given the template for generating a postcard, fill in the placeholders with appropriate
design components. Generate 5 diverse examples in a Python list of strings. Be as creative as possible.

Template: Create a postcard design with a [background color] background, featuring [images]. The message
[message] should be placed at [position] in [color].

**** Example Starts ***
Create a postcard design with the message ‘Think Happy!’ in a red, curly font on a floral background featuring a mix of
warm-toned roses. Place a semi-transparent white box behind the message.
**** Example Ends ***

Examples:
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Prompt D.1.4: Query Construction (Poster)

Task: You are a design expert. Given the template for generating a poster, fill in the placeholders with appropriate design
components. Generate 5 diverse examples in a Python list of strings. Be as creative as possible.

Template: Create a poster design with a [background color] background, featuring [images]. The title [title]
should be placed at [position] in [color].
You may also include an optional [tagline] if needed.

**** Example Starts ***
Create a poster design with a light yellow background, featuring a large jellyfish illustration centered within a black
rectangular box. Add a bold, black title ‘JELLYFISH’ at the top and place a brief informative sentence about jellyfish in
white font at the bottom left corner.
**** Example Ends ***

Examples:
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Prompt D.1.5: Expert Agent Recruitment

Task: Your task is to recruit the necessary experts to complete a design outlined in the user query. Create a recruitment
status in JSON list format.

User query: {user query}
User image file(s): {user image files}

You can recruit from the three experts with the following profiles:

• Photo Editor
– Job Responsibilities:

* Image editing: Cropping, adjusting composition, correcting lighting, and retouching images or illustrations.
* Color correction: Adjusting brightness and contrast or adjusting hue and saturation.
* Apply filters: Apply different filters (e.g., photo, glass, ocean ripple, watercolor) to images.

• Vector Graphic Editor
– Job Responsibilities:

* Draw shapes: Drawing simple shapes (circle, polygon, square, star) on canvas.
• Layout Designer

– Job Responsibilities:

* Customize layout templates: Create grid systems for books, brochures, cards, and magazines to organize the layout.
* Export files: Export documents to any format, in print or digital.
* Combine text and visual elements: Combine visual elements from other apps with text into a completed design.

*** Output Format ***
Each object in the JSON list should follow:
{

"expert": "Name of the expert (Photo Editor, Vector Graphic Editor, Layout
Desinger).",

"task": "High-level task that can be performed by the expert."
}
*** Example Starts ***
[

{"expert": "Photo Editor", "task": "Add the provided images to create a deep
purple night sky background with a large dreamy moon centered,

surrounded by small twinkling stars spread across the top half of the
cover."},

{"expert": "Layout Designer", "task": "Combine the edited image with the
title ’Moonlit Fantasies’, the author name ’J.K. Stellar’, and the
tagline ’A Journey Through the Night Sky.’ to create the book cover
design."}

]
*** Example Ends ***

**** Key Requirements ***
- Only recruit each expert one.
- The name of the expert must match those in the expert profiles.
- For task description, explain how the expert can contribute towards the final product. Summarize in one sentence.
- In order to achieve the task in the design outline, experts should work together and their task will be dependent to each
other. Arrange in the order of which expert should finish first.
- Output should be in a list of JSON objects format.
- Do NOT include further explanation other than in the JSON list.
- Be as concise and brief as possible.

Recruitment status:
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Prompt D.1.6: Individual Plan Generation

Task: You are a proficient {expert}. You are recruited to collaborate on a design project with other experts.

You are assigned to complete the following task: {task}. Please plan a sequence of detailed, low-level sub-
tasks required to accomplish this task and output them as a JSON list.

**** Output Format ***
Each object in the JSON list should follow:
{

"id": "ID of the subtask, starting from 1.",
"expert": "Name of the expert.",
"description": "Description of the subtask in one sentence."

}
*** Example Starts ***
[

{"id": 1, "expert": "Photo Editor", "description": "Create a new document
with book cover dimensions."},

{"id": 2, "expert": "Photo Editor", "description": "Set the background color
to light pink."},

{"id": 3, "expert": "Photo Editor", "description": "Import the pink moonlit
image from ’static/pink_moonlit.png’."},

{"id": 4, "expert": "Photo Editor", "description": "Resize the pink moonlit
image to medium size, covering the bottom part of the document."},

{"id": 5, "expert": "Photo Editor", "description": "Reposition the pink
moonlit image to the bottom-center of the document."},

{"id": 6, "expert": "Photo Editor", "description": "Import the couple
silhouette illustration from ’static/couple_silhouette.png’."},

{"id": 7, "expert": "Photo Editor", "description": "Resize the couple
silhouette illustration to span across the lower half of the cover."},

{"id": 8, "expert": "Photo Editor", "description": "Reposition the couple
silhouette illustration to be centered in the bottom-middle part."},

{"id": 9, "expert": "Photo Editor", "description": "Adjust the background
colors to match the light pink moonlit theme."},

{"id": 10, "expert": "Photo Editor", "description": "Save the document in a
psd format suitable for further editing by the Layout Designer."},

]
*** Example Ends ***

**** Key Requirements ***
- First step should always be creating a new document and the last step should always be saving the document in appropriate
file format.
- Use the exact image URLs the user provided when importing images.
- Do not include very basic operations such as opening the software or closing the software.
- Do not include new expert in the plan.
- Output should be in a list of JSON objects format.
- Do NOT include further explanation other than in the JSON list.
- Be as concise and brief as possible.

Sequence of subtasks:

80



Prompt D.1.7: Plan Supervision

Task: You are the supervisor of a design project that requires collaboration among various design experts.

The following experts have been recruited for the project. Use as reference:
{recruitment status}

Each expert has submitted their proposed workflow plans:
{workflow plans}

Your task is to combine these proposed workflow plans into a cohesive sequence of tasks in a JSON list for-
mat.

**** Output Format ***
Each object in the JSON list should follow:
{

"id": "ID of the subtask, starting from 1.",
"expert": "Name of the expert.",
"description": "Description of the subtask in one sentence."

}
*** Example Starts ***
[

{"id": 1, "expert": "Photo Editor", "description": "Create a new document
with book cover dimensions."},

{"id": 2, "expert": "Photo Editor", "description": "Set the background color
to light pink."},

...
{"id": 11, "expert": "Layout Designer", "description": "Create a new

document with book cover dimensions."},
{"id": 12, "expert": "Layout Designer", "description": "Import the edited

image from the Photo Editor: ’moonlit_illustration_edited.psd’."},
{"id": 13, "expert": "Layout Designer", "description": "Resize the edited

image to cover the entire document."},
{"id": 14, "expert": "Layout Designer", "description": "Create text for the

title ’LOVE\nSTORY’."},
{"id": 15, "expert": "Layout Designer", "description": "Apply the Andale

Mono font to the title text."},
...
{"id": 31, "expert": "Layout Designer", "description": "Reposition the

tagline text above the title."},
{"id": 32, "expert": "Layout Designer", "description": "Export the final

book cover design as a PDF file."}
]
*** Example Ends ***

**** Key Requirements ***
- Do NOT repeat any steps that are already completed in previous step.
- For each expert, first step should always be creating a new document and the last step should always be saving the
document in appropriate file format.
- When switching experts, use the output from the previous expert as input for the next.
- Once an expert is used and switched to another expert, it should not be used again.
- You should output only one list of workflow plan.
- Start the id from 1 to the number of steps in the workflow.
- Arrange each subtask in a chronological order.
- Output should be in a list of JSON objects format.
- Do NOT include further explanation other than in the JSON list.
- Be as concise and brief as possible.

Supervised sequence of subtasks:
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Prompt D.1.8: Tool Retrieval

Task: You are a proficient {expert}. You are recruited to collaborate on a design project with other experts. Use your
available list of tools to map each step in the sequence of subtasks to a tool.

Sequence of subtasks: {workflow plan}

Your available tools are as below:
{list of tools}

**** Output Format ***
Each object in the JSON list should follow:
{

"id": "ID of the subtask, starting from 1.",
"expert": "Name of the expert.",
"description": "Description of the subtask in one sentence.",
"tool": "Name of the mapped tool.",
"parameters": "Dictionary of parameter keys and corresponding values."

}
*** Example Starts ***
[

{"id": 1, "expert": "Photo Editor", "description": "Create a new document
with book cover dimensions.", "skill": "CreateDocument", "parameters":
{"docType": "book cover"}},

{"id": 2, "expert": "Photo Editor", "description": "Set the background color
to light pink.", "skill": "SetBackgroundColor", "parameters": {"red":

255, "green": 179, "blue": 238}},
...
{"id": 8, "expert": "Photo Editor", "description": "Reposition the couple

silhouette illustration to be centered in the bottom-middle part.", "
parameters": {"layerName": "SilhouetteLayer", "posX": 267, "posY":
1052}},

{"id": 9, "expert": "Photo Editor", "description": "Adjust the background
colors to match the light pink moonlit theme.", "skill": "AdjustHSL", "
parameters": {"layerName": "MoonlitLayer", "hue": 18, "saturation": -18,
"light": 0}},

{"id": 10, "expert": "Photo Editor", "description": "Save the document in a
format suitable for further editing by the Layout Designer.", "skill": "
SaveDocument", "parameters": {"fileName": "moonlit_illustration_edited",
"format": "psd"}},

]
*** Example Ends ***

**** Key Requirements ***
- For any file name that appears in the design outline, use exact file names in your sequence of subtasks.
- Each step should only be mapped to one tool. If a step of the workflow is not able to be mapped to one tool, it means the
step can be decomposed further into multiple steps. You can reformat, reorder, add, edit steps of the workflow if needed to
be directly mapped to tools.
- Each step should have a tool and a dictionary of parameter values.
- For layerName, try to name it as to end as Layer (e.g., BackgroundLayer, TitleLayer).
- For detailed numeric values (e.g., height, width, x-axis position, y-axis position), consider the document’s dimensions,
imagine, and propose a likely value.
- Arrange each subtask in a chronological order.
- Output should be in a list of JSON objects format.
- Do NOT include further explanation other than in the JSON list.
- Be as concise and brief as possible.

Sequence of subtasks:

D.2 Evaluation Prompts

We present the prompts used for evaluating both planning and execution, including design pass rate (color,
text, image), VQA pass rate, and creativity (originality and elaboration).
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Prompt D.2.1: Design Pass Rate Evaluation (Color)

Task: Evaluate if the workflow plan (1) correctly applies the background color and (2) the background and the text color
are contrasting. Return a score between 1 to 5 according to the scoring rubric.

Background color: {background color}
Text elements: {text}
Workflow plan: {workflow plan}

**** Scoring Rubric ***
- 1: Workflow plan fails to reflect all of the color constraints specified.
- 3: Workflow plan reflects approximately half of the color constraints specified.
- 5: Workflow plan reflects all of the color constraints specified.

Score should strictly be a number between 1 to 5. Do not include any further explanation other than the
score.
Score:

Prompt D.2.2: Design Pass Rate Evaluation (Text)

Task: Evaluate if the workflow plan adequately applies the text elements (e.g., title, tagline) specified. Return a score
between 1 to 5 according to the scoring rubric.

Text elements: {text}
Workflow plan: {workflow plan}

**** Scoring Rubric ***
- 1: Workflow plan fails to reflect all of the text elements specified.
- 3: Workflow plan reflects approximately half of the text elements specified.
- 5: Workflow plan reflects all of the text elements specified.

Score should strictly be a number between 1 to 5. Do not include any further explanation other than the
score.
Score:

Prompt D.2.3: Design Pass Rate Evaluation (Image)

Task: Evaluate if the workflow plan adequately applies the image elements (e.g., size, position) specified. Return a score
between 1 to 5 according to the scoring rubric.

Image elements: {image}
Workflow plan: {workflow plan}

**** Scoring Rubric ***
- 1: Workflow plan fails to reflect all of the image elements specified.
- 3: Workflow plan reflects approximately half of the image elements specified.
- 5: Workflow plan reflects all of the image elements specified.

Score should strictly be a number between 1 to 5. Do not include any further explanation other than the
score.
Score:

Prompt D.2.4: VQA Evaluation

Instruction: Look at the image and answer the question with ‘Yes’ or ‘No’.

Question: {quetion}
Answer:
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Prompt D.2.5: Creativity Evaluation (Originality)

Instruction: Evaluate the originality of the image generated based on the user query. Originality measures the uniqueness
of the ideas generated. Original ideas are those that are rare or unconventional, differing from the norm. Return a score
between 1 to 5 according to the scoring rubric.

User query: {user query}

**** Scoring Rubric ***
- 1: Image is highly conventional and predictable. No significant signs of creative thinking is shown.
- 2: Image shows minimal originality and mostly align with typical or common responses. Few novel elements are present.
- 3: Image is somewhat original, with a mix of conventional and unique elements.
- 4: Image is noticeable original and uncommon. It shows creative thinking and depart meaningfully from conventional
norms.
- 5: Image is highly unique, rare, and stand out as unconventional. They demonstrate a strong departure from typical or
expected approaches.

Score should strictly be a number between 1 to 5. Do not include any further explanation other than the
score.
Score:

Prompt D.2.6: Creativity Evaluation (Elaboration)

Instruction: Evaluate the elaboration of the image generated based on the user query. Elaboration refers to the
ability to expand upon, refine, and embellish an idea. It involves adding details, developing nuances, and build-
ing upon a basic concept to make it more intricate or complex. Return a score between 1 to 5 according to the scoring rubric.

User query: {user query}

**** Scoring Rubric ***
- 1: Image is presented in a simpler or vague manner with no meaningful development or supporting detail.
- 2: Image is minimally expanded, with few details or refinements added.
- 3: Image includes expansion of some details, but elaboration is somewhat surface-level.
- 4: Image well-expands the user query with several added details and refinements.
- 5: Image thoroughly expands the user query with rich, specific details or refinements added beyond the core concept.

Score should strictly be a number between 1 to 5. Do not include any further explanation other than the
score.
Score:
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Abstract
Vision–Language Models (VLMs) have shown
strong performance on multimodal reasoning
tasks, yet most evaluations focus on short
videos and assume unconstrained computa-
tional resources. In industrial settings such as
pharmaceutical content understanding, practi-
tioners must process long-form videos under
strict GPU, latency, and cost constraints, where
many existing approaches fail to scale. In this
work, we present an industrial GenAI frame-
work that processes over 200,000 PDFs, 25,326
videos across eight formats (e.g., MP4, M4V,
etc.), and 888 multilingual audio files in more
than 20 languages. Our study makes three con-
tributions: (i) an industrial large-scale architec-
ture for multimodal reasoning in pharmaceu-
tical domains; (ii) empirical analysis of over
40 VLMs on two leading benchmarks (Video-
MME and MMBench) and proprietary dataset
of 25,326 videos across 14 disease areas; and
(iii) four findings relevant to long-form video
reasoning: the role of multimodality, atten-
tion mechanism trade-offs, temporal reason-
ing limits, and challenges of video splitting
under GPU constraints. Results show 3–8×
efficiency gains with SDPA attention on com-
modity GPUs, multimodality improving up to
8/12 task domains (especially length-dependent
tasks), and clear bottlenecks in temporal align-
ment and keyframe detection across open- and
closed-source VLMs. Rather than proposing
a new "A+B" model, this paper characterizes
practical limits, trade-offs, and failure patterns
of current VLMs under realistic deployment
constraints, and provide actionable guidance
for both researchers and practitioners design-
ing scalable multimodal systems for long-form
video understanding in industrial domains.

* Patent application to EPO: 25175653.2

1 Introduction

Large Language Models (LLMs) such as GPT-
4 (Ouyang et al., 2022) and LaMDA (Thoppilan

et al., 2022) have significantly improved access to
complex information in domains including health-
care and public services (H&PS) (Li et al., 2025a;
Zhang et al., 2026; Mishra et al., 2026; Ozmer-
mer and Li, 2023). While these models excel at
text-based reasoning, industrial use cases increas-
ingly involve multimodal content spanning tables,
graphs, charts, text, video and audio (Fu et al.,
2024a). In pharmaceutical industry, such assets in-
clude clinical trial recordings, conference lectures,
promotional materials, and multilingual patient ed-
ucational videos (Zhang et al., 2023). Manual per-
ception of these resources is inconsistent, costly,
and infeasible at scale, particularly given compli-
ance & computation constraints.

Practical use cases including chat agents (Ope-
nAI, 2024), briefing agencies (OpenAI, 2023), doc-
ument searching (Lewis et al., 2021), text/video
summarization (Li et al., 2025b), and document
quality checks (Yang et al., 2024) deliver transfor-
mative impacts on industry.

Current research has emphasized novel architec-
tures or benchmark leaderboards (Singhal et al.,
2022), but less attention has been given to how ex-
isting VLMs scale under practical GPU budgets,
long-video scenarios, and compliance workflows.
Challenges remain in producing reliable VLMs
with growing amount of video data, reducing hal-
lucinations and memory cost, improving quality
of long video content reasoning, and addressing
computational bottlenecks (Qu et al., 2025). In-
dustrializing VLMs for large-scale data especially
using closed-source models on proprietary data is
also becoming increasingly urgent.

This work centers on a core Research Question
(RQ): how to scale VLM-based multimodal rea-
soning on long-form pharmaceutical videos under
realistic industrial GPU constraints. To address this,
we open-source a large-scale GenAI platform ar-
chitecture designed for natural language search for
(H&PS) users. The platform ingested over 200,000
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Figure 1: System architecture of our GenAI platform for Natural Language (NL) search integrating LLMs, ALMs, and VLMs.
The platform processed 25,326 videos, 888 audios covering > 20 languages.

PDFs, 25,326 videos across 8 formats (e.g., MP4,
M4V, MSVideo, etc.), and 888 audio files span-
ning 20+ languages. We evaluate more than 40
VLMs using leading benchmarks (Video-MME,
MMBench) and our proprietary dataset covering
14 disease areas. Our contributions including:

• A industrial multimodal architecture frame-
work (in Figure 1) for scalable ingestion, cap-
tioning, and retrieval of large amount of data.

• Four key findings from industrial deployment:
(1) multimodality boosts VLM performance
across most tasks (8/12); (2) attention mecha-
nisms show GPU-specific trade-offs; (3) both
open- and closed-source models struggle with
temporal alignment and keyframe reasoning;
and (4) long-video splitting & compression is
more error-prone rather than efficient.

• Extension of Video-MME with new subtasks
(summarization, keyframe evaluation) along
with newly designed evaluation schema using
the Knowledge Graph, shown in Alg. 1, 2, 3.

2 Related Work

Vision-Language Models (VLMs) have advanced
significantly, with several state-of-the-art models
demonstrating strong performance across multi-
modal tasks (Fu et al., 2024a). Qwen-VL (Bai
et al., 2023), improved vision–language alignment
through extensive pretraining and data scaling. Re-
cent multimodal Open-source models, such as

CLIP (Radford et al., 2021), BLIP (Li et al., 2022) ,
FLAVA (Singh et al., 2022), and OFA (Wang et al.,
2022), have demonstrated strong zero-shot and fine-
tuned performance in various vision-language tasks
across recognition, captioning, and retrieval. More
recent VLMs—including Gemini Pro/Flash (Gem-
ini Team, Google: Petko Georgiev and 1135 other
authors, 2024), AdaReTaKe (Lourentzou et al.,
2021), and Qwen2-VL (Bai et al., 2023), have
pushed the boundaries of video-based multi-modal
understanding by improving reasoning, temporal
alignment, and multi-modal fusion strategies. As
shown in recent leader-boards (Fu et al., 2024a),
Qwen2-VL (Bai et al., 2023) achieves state-of-the-
art results in long & short video caption tasks, rein-
forcing its role as a leading open-source VLMs.

Meanwhile, several benchmarks have been pro-
posed to systematically evaluate the capabilities
of MLLMs. Video-MME (Fu et al., 2024a) in-
troduces an evaluation framework specifically de-
signed for VLM, evaluating their understanding
of dynamic and multimodal content. Addition-
ally, MME (Fu et al., 2023) provides a compre-
hensive benchmark for the evaluation of more gen-
eral multimodal LLMs, while MME-Survey (Fu
et al., 2024b) offers a detailed review of existing
evaluation methodologies. The MME-RealWorld
benchmark (Zhang et al., 2024a) further extends
this evaluation to real-world, high-resolution sce-
narios, testing the robustness and generalization of
multimodality beyond synthetic datasets.

What’s more, efficient attention mechanisms
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have been crucial for scaling large multimodal mod-
els (Face, 2024). FlashAttention (Dao, 2023) and
Scaled Dot-Product Attention (SDPA) (Vaswani
et al., 2017) have played significant roles in im-
proving efficiency in transformer-based architec-
tures. FlashAttention reduces memory overhead
and computational costs by optimizing key-query-
value matrix operations, making it well-suited for
large-scale applications. Similarly, SDPA, widely
implemented in frameworks like Hugging Face’s
Transformers, optimizes inference performance on
GPUs, particularly with hardware accelerations e.g.
AMD ROCm and NVIDIA TensorRT (Face, 2024).

3 Dataset And Experimental Settings

Table 1: Statistics of Our Property Dataset.

Category Details

VLM Models Covered 42, GPT series include GPT-4, Gemini 1.5 Pro. 2.0-Flash,
Qwen-7B-VL, Qwen-72B, Owen VL Max, LLaVA-Video,
Oryx-1.5, InternVL 2.5, Aria
VideoLLaMA series, VideoChat Flash, NViLA, GPT-4o,
Claude 3.5 Sonnet, TimeMarker, MiniCPM-V 3.2,
MiniCPM-V 2.6, InternVL series, ST-LLaMA
Video-XL, VITA-1.5, Kangaroo, Video-CCAM,
ShareGemini, SIMM, Chat-Uni-VL 1.5,
VideoChat2 Mistral, ShareGPT-4VVideo,

ALM Models Covered Whisper-turbo and Whisper-large V2
Number of Videos Over 25,326.
Number of Audios Over 888.
Covered Variants Over 14 Diseases Ares. From Nephrology, Ophthalmology, Oncology, ...

to Hematology, Immunology, Dermatology.
Covered video format Types 8. MP4, M4V, QuickTime, WMV, WebM, MSVideo, MPG, and 3GPP
Covered audio format Types 4. ’.mp3’, ’.wav’, ’.m4a’, ’.flac’
Covered Video Lengths < 2 mins to over 3 hours
Language Types Over 20 languages, including German, Italian, English, Mandarin

Hokkien, Hindi, Korean, French, Dutch, Spanish, and more.

Here, we primarily adopt two well-established
MLLM benchmarks, Video-MME (Fu et al., 2024a)
and MMBench (Liu et al., 2023), along with eval-
uations of more than 40+ VLMs, as well as our
pharmacy property dataset shown in Table 1, and
Figure 4. The benchmarks allow standardized
comparisons, while our dataset provides a realistic
testbed for long-form industrial content.

Video-MME (Fu et al., 2024a) is the first full-
spectrum multi-modal evaluation benchmark de-
signed specifically for video-based MLLMs. It
stands out from existing benchmarks with several
key features: (1) Diversity in video types, cover-
ing six primary visual domains with 30 subfields
to ensure broad scenario generalizability; (2) Tem-
poral coverage, including short-, medium-, and
long-term videos ranging from 11 seconds to 1
hour. Video-MME includes 900 manually selected
videos totaling 254 hours, annotated with 2,700
question-answer pairs.

MMBench (Liu et al., 2023) is designed to as-
sess our findings across diverse visual understand-
ing tasks, including video recognition, captioning,

visual question answering (VQA), and reasoning.
Furthermore, our findings are tested from our in-
dustry data, includes 25,326 videos across eight
formats (MP4, M4V, QuickTime, WMV, WebM,
MSVideo, MPG, 3GPP) and 888 audio files across
four formats (.mp3, .wav, .m4a, .flac). The content
spans 14 disease areas, including oncology, hema-
tology, immunology, ophthalmology, neuroscience,
dermatology, nephrology, and respiratory disease,
covering >20 languages. Video lengths range from
under 2 minutes to more than 3 hours, reflecting
the diversity of clinical trial recordings, medical
lectures, and patient education materials.

We benchmarked 42 VLMs / ALMs, including
GPT-4 series (Ouyang et al., 2022), Gemini 1.5 Pro
(Gemini Team, Google: Petko Georgiev and 1135
other authors, 2024), InternVL-Chat-V1.5 (Chen
et al., 2024), and LLaVA-NeXT-Video (Zhang
et al., 2024b), and Whisper etc. Each model was
tested under default configurations and resource
constrained GPU environments (NVIDIA A100 vs.
A10G). Prompts are listed in Appendix Table 11.

4 Business And Technical Impact

Finding reliable content remains a major challenge
for healthcare professionals (HCPs) and patients.
Traditional search methods are inefficient, lead-
ing to under-utilized assets and duplicated content
creation. VLM-based NL search system stream-
lines discovery, reuse, and accessibility of video
content. In production pilots, the system reduced
the time required to create patient-facing materi-
als by 66%, accelerating workflows and improving
consistency. On Video-MME, the end-to-end pro-
cessing time, from voice abstraction by Ffmpeg,
Whisper Turbo transcription to Bedrock LLM im-
provement on VLM video summary & captions
storage in the database, averaged 2.2 minutes per
longer video, 1.7 minutes per medium-length video,
1.6 minutes per short video. Compared to manual
inspection (252.5 hours for the dataset), this repre-
sents a 94.4% reduction in effort for long videos
and a 88% reduction for overall video categories.
Scaling to the entire dataset implies a savings of
approximately c.a. 224.3 hours.

5 Main Results

In this section, we first evaluate with the top two
benchmarks, Video-MME (Fu et al., 2024a) and
MMBench (Liu et al., 2023), as well as our pro-
prietary dataset for multimodal vision language
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(a) Per-model improvement with ALM (overall vs. short).
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(d) Accuracy by Subtask Type with/without Transcription.

Figure 2: Multimodality matters. Combining metadata and voiceovers using LLM/ALMs could improve VLM summaries and
understanding. Especially effective for longer videos, and for tasks like action recognition, object reasoning, and OCR, but may
negatively impact temporal reasoning tasks.

Task Type With ALM Without ALM ∆

Action Reasoning 0.759 0.545 +0.213
Action Recognition 0.589 0.564 +0.025
Attribute Perception 0.671 0.646 +0.025
Counting Problem 0.337 0.372 –0.035
Information Synopsis 0.879 0.737 +0.142
OCR Problems 0.744 0.698 +0.046
Object Recognition 0.469 0.490 –0.021
Spatial Perception 0.708 0.704 +0.005
Spatial Reasoning 0.789 0.680 +0.108
Temporal Perception 0.733 0.563 +0.171
Temporal Reasoning 0.500 0.615 –0.115

Average 0.683 0.626 +0.057

Table 2: Effect of multimodality on VLM performance
(Video-MME) and task-level impact of audio transcription.
Adding ALM-based voice transcriptions improves 8/12 task
domains. Largest gains: Action Reasoning (+0.213), Informa-
tion Synopsis (+0.142), Temporal Perception (+0.171). Nega-
tive effects: Counting (–0.035), Object Recognition (–0.021),
Temporal Reasoning (–0.115).

models (MVLMs), focusing on widely recognized
40 + vision language models (VLMs). Results are
structured around four interesting findings.

Multimodality Matters. Combining metadata
and voiceovers using LLMs/ALMs enhances
VLM summaries and understanding, although
ALM-only pipelines can already achieve competi-
tive content summarization. Across 42 evaluated
VLMs, including GPT-4, we observe a consistent

Model w/o w/ ∆

Gemini 2.5 Pro 84.7 85.2 +0.5
Gemini 1.5 Pro 75.0 81.3 +6.3
Qwen2-VL 71.2 77.8 +6.6
GPT-4o 69.0 77.2 +8.2
LLaVA-Video 76.0 76.9 +0.9
Gemini 1.5 Flash 72.6 75.0 +2.4
Oryx-1.5 67.3 74.9 +7.6
InternVL2.5 67.6 74.0 +6.4
Aria 70.3 72.1 +1.8
LinVT 65.6 71.7 +6.1
TPO 66.2 71.5 +5.3

Average 68.4 72.3 +3.9

Table 3: Model-level impact of incorporating audio transcrip-
tions. Overall accuracy increases from 58.4% to 62.3% (+3.9).
Gains are largest for GPT-4o (+8.2), Oryx-1.5 (+7.6), and
Qwen2-VL (+6.6). Newer models such as Gemini 2.5 Pro
show smaller gains (+0.5), reflecting diminishing returns as
models advance.

positive trend in performance when audio transcrip-
tions are incorporated. Notably, this improvement
strongly correlates with video length. Overall
accuracy increased from 58.4% to 62.3% (+3.9
points). For short videos, accuracy rose from 67.7%
to 70.0% (+2.3 points), for medium videos from
69.3% to 74.3% (+5.0 points), and for long videos
from 61.7% to 69.6% (+7.9 points). As video
length increases, video Q&A Reasoning accuracy
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declines significantly from over 80% on short clips
to below 50% on long-form videos, highlighting
the persistent challenge of long video understand-
ing. Incorporating subtitles and audio information
mitigates this issue, yielding improvements of up to
7.9% for long videos, as shown in Figure 2 (a,b,c).

When further examining multimodality with sub-
task improvements, we can see that it improves
8/12 task domains, such as action reasoning, action
recognition, information synopsis, OCR problems,
and object reasoning, with improvements ranging
from 2% to 20%. Here, we see the benefits of
voice information in understanding procedural or
sequential tasks. However, temporal-related tasks
remain challenging, with several models show-
ing reduced performance when processing both
audio and visual inputs simultaneously (Figure 2d).
This suggests that current VLMs still struggle with
synchronizing multimodal context over extended
time spans. Cross-modal attention mechanisms are
typically optimized for semantic alignment rather
than temporal synchronization. Our results sug-
gest that while multimodal inputs improve overall
understanding, they can introduce temporal noise,
leading to higher rates of misaligned timestamps
and incorrect segment boundaries in long videos
(see Appendix Table 6). Additionally, we also no-
ticed a decline in completeness of answered ques-
tions, dropping from 817 to 699, as CUDA out-of-
memory (OOM) issues frequently occurred when
reasoning with both audio & visual information.

Attention Mechanisms Matter. The VLM
community has shown growing interest in
FlashAttention-2 (Dao, 2023), as it provides an
efficient implementation of the standard attention
mechanism by parallelizing computation across se-
quence length and optimizing GPU memory usage.
While FlashAttention significantly accelerates in-
ference, most leading VLMs are trained and bench-
marked on high-end GPUs such as the NVIDIA
A100, which inherently benefits from optimized
tensor operations and high memory bandwidth.

However, FlashAttention-2 also exhibits
strict GPU architecture dependencies, requiring
Torch > 3.6 and being optimized primarily for
NVIDIA A100 or select AMD GPUs (e.g., Instinct
MI210, MI250). In addition, dtype constraints
limit its operation to fp16 or bf16, which re-
stricts deployment in many industrial environments.
Deploying these mechanisms on standardized
A10G Tensor Core GPUs—rather than on large
A100 UltraCluster setups—introduces major

cost and compatibility challenges. For instance,
an A100 UltraCluster costs approximately $40.96
per hour, whereas AWS G5 instances (A10G GPUs)
range from $5.67 to $8.14 per hour, making A100-
based inference roughly eight times more expen-
sive. Empirically, FlashAttention-2 performs best
on A100 GPUs and remains a popular choice for
research benchmarks. In contrast, Scaled Dot-
Product Attention (SDPA) (Vaswani et al., 2017)
proves to be a more practical option for A10G-
based deployments, offering up to a 4× speed im-
provement. Notably, SDPA achieved higher accu-
racy (58.73%) than FlashAttention (54.81%) when
evaluated at FPS = 0.1 on the 2,700 Q&A Video-
MME benchmark. SDPA completed inference in
4 hours and 37 minutes, compared to 7 hours and
40 minutes for FlashAttention-2, as summarized in
Table 4, 8, 9. These findings suggest that VLMs
exhibit strong GPU architecture and FPS depen-
dencies, implying that the optimal attention mecha-
nism varies with the hardware environment. SDPA
(Vaswani et al., 2017) can also invoke FlashAtten-
tion and other memory-efficient attention kernels
when needed, and native SDPAsupport is now ex-
panding in the Transformers library. This under-
scores that selecting a well-matched–rather than the
newest–attention mechanism can yield superior ef-
ficiency under realistic industrial GPU constraints.

Time Localization Remains Challenging: We
evaluated VLM performance across three dimen-
sions: speed, cost, and output completeness. Our
findings indicate that Gemini 2.5 Flash is slower
and more expensive, requiring 7–8 hours to pro-
cess 300 videos at a cost of Euro 46.73 on Google
Cloud. In contrast, Qwen-7B (Bai et al., 2023)
demonstrated substantially faster processing, com-
pleting each video in 1 mins on an AWS EC2
g5.24xlarge instance, priced at $8.14 per hour.
However, when running at 0.01 FPS with SDPA
attention, Qwen-7B required approximately 3–
4 hours to process 300 videos, as shown in Fig-
ure 3. In terms of output completeness, Gem-
ini 2.5 Flash outperformed Qwen-7B, generat-
ing valid summaries for 297/300 videos (with
acc.94.6%), while Qwen-7B produced only 74
valid summaries (with acc.74.3%). Additionally,
key frame extraction remained challenging for
both models, with Gemini 2.5 Flash achieving a
keyframe accuracy of 35.1% (26/74), while Qwen-
7B reached only 5.4% (4/74). For long videos,
Gemini 2.5 Flash required roughly 3 mins per
video, while Qwen-7B remained below one minute
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Table 4: Comparison of speed, accuracy, and completeness across leading attention mechanism on all length videos.SDPA yields
higher accuracy and 4× faster runtime on commodity GPUs (A10G), while FlashAttention favors high-end A100 GPUs.

Experiments Processing Time Total Answered (%) Correct Answered (%)
SDPA (0.1 FPS) 4h 37m 2s 37% 58.73%
SDPA (0.01 FPS) 2h 12m 37s 87% 48.40%
FlashAttention (0.1 FPS) 7h 40m 17s 100% 54.81%
FlashAttention (0.01 FPS) 1h 50m 11s 100% 48.55%
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Figure 3: Time Localization Challenges for Open-Source and Closed-Source VLMs. Both top open-source and commercial
models struggle with key frame detection, showing low accuracy (5-35%) and incorrect timestamps. Summaries are much more
accurate, ranging from 75-95%.

per video. Despite these differences, both leading
open- and closed-source VLMs struggle with ac-
curate temporal reasoning, particularly in main-
taining keyframe alignment and coherence across
long video sequences (see Table 6). This highlights
a persistent limitation in time-dependent video un-
derstanding for current VLM architectures.

Trade-off of Long Video Splitting. Process-
ing long videos poses significant challenges, par-
ticularly on GPU-constrained instances. Out-of-
memory (OOM) errors occur frequently, even when
reducing frames per second (FPS) or lowering
video resolution. A common mitigation strategy in-
volves video splitting, compression, cutting. How-
ever, our analysis shows that these methods do not
yield meaningful speed improvements and instead
introduce additional challenges related to temporal
alignment. Splitting videos into multiple seg-
ments disrupts temporal consistency, making it
increasingly difficult for VLMs to maintain co-
herent event sequences. Moreover, compressing
video files using standard tools such as FFmpeg
requires substantial preprocessing time. Although
shorter segments can be processed individually, the
lack of contextual continuity causes VLMs to focus
on superficial cues—such as logos, text color, or
general stylistic attributes—rather than on semantic

content. This leads to redundant descriptions and
weaker keyframe alignment, as shown in Table 7.

6 Conclusion

In this work, we introduce an industrial framework
for large-scale VLM-based video processing and
NL search. Unlike prior studies proposing new
architectures, our contribution lies in benchmark-
ing, scaling, and analyzing existing VLMs under
realistic GPU and compliance constraints. Our eval-
uation yields four key findings: (1) Multimodal-
ity matters—incorporating ALMs, transcriptions,
and metadata improves video reasoning beyond
static or bi-modal setups; (2) Attention mecha-
nisms matter—matching attention to GPU archi-
tecture improves efficiency; (3) Open- and closed-
source VLMs perform well in video summariza-
tion but still struggle with keyframe detection and
timestamping; and (4) Splitting long videos often
increases runtime and misalignment errors rather
than improving efficiency. Beyond these insights,
we extend Video-MME with new subtasks (sum-
marization, keyframe extraction) and propose a
knowledge-graph evaluation schema. Future re-
search should exploring financial and manufactur-
ing video domains under constrained hardware.
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7 Limitations

We want to emphasize that this work is not intended
to introduce a new VLM architecture, but rather
to empirically characterize the capabilities, limita-
tions, and failure modes of existing models under
realistic long-video and hardware constraints. A
main focus of this study is the justification of the
pharma specific benefits, e.g. how to scale VLMs
usage in industry GPU constrained hardware set-
ting for business application. We provide a base-
line comparison of more than 42 VLMs using both
the Video-MME benchmark and our proprietary
dataset. Future work should extend this line of re-
search to other regulated domains, such as financial
services and manufacturing videos e.g. Figure 7, to
further validate the generalization of our solution
blueprint.
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A Appendix

In this section we provide the supplementary com-
piled together with the main paper includes:

• Evaluation Metrics and Knowledge Graph
Evaluation Schema on Algorithm 1, 2, 3, and
Figure 5;

• Ablation study on Frame Per Second (FPS) in
Table 8, Table 9;

• Property Dataset distribution on Table 10, and
VideoMME raw rata example on Table 5;

• Deliverable attributes of each VLM / ALM
and Metadata on Figure 6;

• The training details and hyper-parameters of
experiments including prompts lists in Ta-
ble 11, output example on Table 6, 7;

• The business value case and area of impact of
GenAI-driven Video Processing on Table 12,
Table 13 and Figure 7.

A.1 Evaluation Metrics
Assigned accuracy scores strategies in Finding 3,
Time Localization Challenges in Open-Source
and Closed-Source VLMs.

Scoresa,g =
1

na

na∑

i=1

S(x) (1)

where

S(x) =





1 if Sa,i = ga,i

0 if Sa,i! = ga,i

where S is the Matching Node score, a ∈ A refers
to an Key Frame or Summary scenarios, g refers
to ground truth of timestamp, and na is the total
number of valid video output (e.g., if 74 videos
have valid JSON outputs, we match key frames to
verify timestamp accuracy and compare summary
accordingly).

A.2 Summary & Key Frame evaluation using
Knowledge Graph

To compare the quality of video summaries gen-
erated by VLMs, we then employ a knowledge
graph-based method. This is particularly useful in
scenarios where human-annotated ground truth is
incomplete or unavailable, such as with large-scale
video datasets in industry setting.

A.2.1 Knowledge Graph Construction
We use the NetworkX library with DiGraph to con-
struct the knowledge graph, NetworkX library en-
capsulated so well where:

• Nodes represent extracted keyframes and con-
ceptual entities (nouns or keywords) from the
generated summaries.

• Edges represent semantic or temporal relation-
ships between these concepts.

• The graph layout is generated using the
spring_layout function, which implements
the Fruchterman-Reingold force-directed al-
gorithm, as shown in Algorithm 1.

A.2.2 Mathematical Basis Behind
The force-directed layout models the graph using
physical analogies:

• Repulsion: All nodes repel each other accord-
ing to Coulomb’s law.

• Attraction: Connected nodes attract each
other like springs (Hooke’s law).

These forces iteratively adjust node positions until
a stable configuration is reached, visually revealing
clustering and coverage. Thereby:

• Node Count: Indicates the richness or breadth
of extracted information.

• Node to Node Distance: Measures how
widely concepts or key words are spread in
the graph.

• Distance to Central Node: We compute
shortest path lengths using Dijkstra’s algo-
rithm to measure how far keyframe nodes are
from the central summary node.as shown in
Algorithm 2.

This is an emerging area with ongoing efforts
to define metrics for summary evaluation without
ground truth. Recent work from researchers at
Google and Apple (Yanuka et al., 2025) (e.g., De-
scriptiveness Recall, Contradiction Precision, Co-
sine Similarity) highlights the need for new metrics
when ground truth of video summary, Key frame
captions are missing.

In summary, we introduce new task domains
based on open-source Video-MME (Fu et al.,
2024a) tasks, which previously lacked summary
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and keyframe subtasks due to the manual effort
required for key frame localization labeling. To
address this, we propose a knowledge graph ap-
proach to compare the output quality of various
VLMs, as shown in Algorithm 3. This approach
provides visually interpretable and computationally
supported method to assess summary & key frame
quality using graph-based representations, forming
the basis for future work on automated evaluation
metrics in GenAI applications.

Algorithm 1 Force-Directed Graph Layout
(Fruchterman-Reingold) conceptually

1: Let:
d(u, v) ← distance between nodes u, v

k ← C ·
√

A
n ▷

C is constant, A is layout area, n is number of
nodes, K is optimal distance between nodes.

2: Forces:
1. Attractive force (between connected

nodes):

Fattr(d) =
d2

k

2. Repulsive force (between all nodes):

Frep(d) =
k2

d

3: Loop: Apply forces iteratively until conver-
gence or maximum iterations reached.

Algorithm 2 Dijkstra’s Algorithm for Shortest
Paths

1: Input: Directed graph G = (V,E) with non-
negative weights w(u, v) ≥ 0

2: Input: Source node s
3: Initialization:

distance[v]←∞ for all v ∈ V
distance[s]← 0
Initialize a priority queue Q

4: while Q is not empty do
5: Extract node u with minimum distance[u]
6: for each neighbor v of u do
7: Update:

dist[v]← min(dist[v], dist[u] + w(u, v))

8: end for
9: end while

10: Output: Shortest distances from s to all v ∈ V

Algorithm 3 Knowledge Graph Construction for
Summary and Key Frame Evaluation

1: Input: JSON data with key frames from
Gemini-2 Flash and Qwen-7B

2: Output: Visualized Knowledge Graph
3: Step 1: Initialize Graph
4: Create directed graph G ← nx.DiGraph().

Nodes (V) → Individual entities in the graph
(e.g., "Gemini-2 Flash", "Snow White in
rags"). Edges (E) → Directed connections be-
tween nodes (e.g., "Gemini-2 Flash" → "Key
Frames"). Attributes → Additional properties
of nodes/edges (e.g., color, size).

5: DiGraph G = (V, E) is defined as: V=nodes,
E=(source, target), where each edge has a di-
rection.

6: Step 2: Add Core Nodes
7: Add node KeyFrames with attributes (color:

gray, size: 800)
8: Add node V ideoSummary with attributes

(color: gray, size: 600)
9: Step 3: Connect Models to Core Nodes

10: Add edge (e.g.,KeyFrames)
11: Add edge (e.g., V ideoSummary)
12: Step 4: Add Key Frames for Each Model
13: for each (timestamp, description) in r.g.

Gemini-2 Flash key frames do
14: Add node description with attributes

(color: light blue, size: 400)
15: Add edge (KeyFrames, description)
16: end for
17: Step 5: Visualize the Graph
18: Compute node layout pos← spring_layout(G,

seed=42)
19: Extract node colors and sizes for Knowledge

Graph: Key Frames Evaluation.
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(a) (b) (c)

Figure 4: Comparison of the Video-MME (Fu et al., 2024a) and MMBench-Video datasets (Liu et al., 2023) in terms of video
categories and duration distributions. The Video-MME dataset consists of 900 videos spanning six primary visual domains with
30 subfields, categorized into 300 short-term (<2 min), 300 medium-term (4-15 min), and 300 long-term (30-60 min) videos. In
contrast, the MMBench-Video dataset comprises approximately 609 videos across 16 major categories, with durations ranging
all from 30 seconds to 6 minutes.

Table 5: Video-MME (Fu et al., 2024a) raw dataset structure, Q/A details in Json format.

Field Details

Video ID 001
Duration Short
Domain Knowledge
Sub-Category Humanity & History
URL https://www.youtube.com/ watch?v=fFjy93ACGo8

VideoID fFjy93ACGo8
Question ID 001-2
Task Type Information Synopsis
Question What is the genre of this video?

Options

A It is a news report that introduces the history behind Christmas
decorations.

B It is a documentary on the evolution of Christmas holiday recipes.
C It is a travel vlog exploring Christmas markets around the world.
D It is a tutorial on DIY Christmas ornament crafting.

Answer A
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Table 6: Comparison of Video Summarization: Gemini-2-Flash vs Qwen-7B. Here the timestamps are all wrong.

Category Gemini-2-Flash Qwen-7B

Video ID P69idA8JO98 P69idA8JO98
Duration Long Long
Domain Artistic Performance Artistic Performance
Summary A stage performance of Snow White.

The Evil Queen consults the Magic Mir-
ror, instructs Snow White to clean the
castle, and the story unfolds as Snow
White meets the Seven Dwarfs, receives
the poisoned apple, collapses, and is re-
vived by the Prince.

A fairy tale performance, likely Snow
White and the Seven Dwarfs. The video
introduces characters, a forest scene,
a confrontation between a queen and
a prince, interactions between Snow
White and the dwarfs, and ends with
a song.

Key Frames (Gemini-2-Flash)

Time Description

00:08 Magic Mirror reveals an angry face
00:42 Snow White in rags looking at her stepmother
00:46 The Evil Queen on a castle balcony
01:27 Dopey Dwarf dancing in silk costume
01:37 Ethereal dancer twirling with a deer
02:17 Snow White with basket approaching animals
02:57 Snow White collapses onto a stage of rocks
03:42 Snow White at a wishing well
05:09 The Evil Queen on a balcony speaking to a soldier
05:37 Snow White dancing in her new dress
06:09 Snow White and her prince hold hands
07:02 Snow White falls, animals mourn her
07:26 The Prince awakens Snow White with a kiss
08:00 Snow White is held up for celebration
08:07 Evil Queen standing on castle balcony
09:05 Snow White lies in a glass coffin as prince kneels

Key Frames (Qwen-7B)

Time Description

00:00 Introduction of characters and setting
02:00 Scene with group of people in a forest
04:00 Confrontation between a queen and a prince
06:00 Introduction of the dwarfs as Snow White’s friends
08:00 Scenes of the dwarfs working and interacting with Snow White
10:00 Snow White singing a song with the dwarfs
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Table 7: With and Without ALM for Summary and Key Frame: Using ALM for voiceover transcription improves the relevance
and precision of the summary content (see the blue marked texts). However, timing remains a significant issue.

Component Output Text

Prompt
(Qwen
Model)

"Focusing on the content and workflow rather than specific logos or the color of
text? After summarizing, list the key frames with brief captions in the format (00:00,
caption). Ensure the analysis is accurate and avoid including any assumptions or
extrapolations. Use a pharmaceutical expert domain perspective to enhance relevance
and precision."

Whisper
Model
(Voice-over
Transcrip-
tion)

" "id": 0, "start": 7.72, "end": 13.6, "text": " PCR of course refers to pathological
complete response where once the patient has surgery" ...
"Full Transcription": " PCR of course refers to pathological complete response
where once the patient has surgery the pathologist does not find any cancer at all and
pleasingly over the last sort of 15-20 years we’ve seen improvements in systemic
treatment to such an extent that certainly for HER2 positive breast cancers we are
now able to expect 50-60% of patients who have a PCR following the neoadjuvant
treatment and we know that the patients who have a PCR are the ones who are likely
to do the best in the long term. "

Qwen
Model Out-
put (Before
Transcrip-
tion)

VLM Output: "The video appears to be a medical demonstration, likely related to
the Roche brand, which is known for its involvement in healthcare and diagnostics.
The video showcases a 3D model of a human body with various organs highlighted,
including the liver and brain. The model is displayed within a transparent box, possibly
representing a medical device or a simulation environment.
Key Frames with Captions: 00:00 - Introduction: The video begins with a close-
up of a transparent box containing a 3D model of a human body. 01:00 - Organ
Highlighting: The liver and brain are highlighted in the model, indicating a focus on
these organs. 02:00 - Interactive Display: The model rotates, providing a better view of
the highlighted organs. 03:00 - Data Overlay: Digital text and graphics appear, likely
representing medical data or information related to the highlighted organs. 04:00 -
Conclusion: The video ends with a summary or conclusion, possibly emphasizing the
importance of the highlighted organs or the role of the device in medical diagnostics.
The video likely aims to educate viewers about the importance of the liver and brain
in the human body and how the device or simulation can be used to study or diagnose
related conditions." "

Qwen
Model
Output
(After Tran-
scription
Integration)

VLM Output: "Here is a summary focusing on the content and workflow from
a pharmaceutical expert’s perspective, along with key frames and brief captions"
Summary: The video provides an explanation of the term "pathological complete
response" (pCR) and its significance in cancer treatment, particularly for HER2-
positive breast cancer. The speaker, a medical professional, defines pCR as the
absence of any detectable cancer cells in the surgical specimen after neoadjuvant (pre-
operative) systemic treatment. He highlights the remarkable progress made in systemic
therapies over the past 15-20 years, enabling 50-60% of HER2-positive breast cancer
patients to achieve pCR following neoadjuvant treatment. The speaker emphasizes
that patients who achieve pCR have the best long-term outcomes, underscoring the
importance of this endpoint in cancer management. Key Frames:(00:07) Introduction
to the concept of pathological complete response (pCR).(00:19) Progress in systemic
treatments improving pCR rates. (00:24) Specifically mentioning 50-60% pCR rates
in HER2-positive breast cancer.(00:33) Linking pCR to better long-term outcomes for
patients."
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Figure 5: Knowledge graph for summary and key frames using Qwen and Gemini models. The knowledge graph visualizes
the comparison between Gemini-2-Flash and Qwen-7B in summarizing a ’Snow White’ stage performance. Each key frame
from Gemini-2 Flash is marked in light blue and video summary in dark blue, while Qwen-7B’s key frames are in light red, and
video summary in red. The central node represents the key frames, with connections showing their relationships to each model’s
summary. Gemini-2-Flash emphasizes narrative elements such as the Magic Mirror, the Evil Queen, and the climax involving
Snow White’s revival, while Qwen-7B structures the story around broad thematic transitions like character introductions, forest
scenes, and musical elements. This graph presents a structured comparison of the keyframes extracted by Gemini-2-Flash and
Qwen-7B from a ’Snow White’ performance. The blue nodes represent Gemini-2-Flash’s emphasis on theatrical storytelling,
focusing on individual character moments, while the red nodes highlight Qwen-7B’s broader narrative structure, including
interactions between Snow White and supporting characters. Additionally, the red nodes are more widely distributed, whereas
the blue nodes are clustered more closely, indicating a difference in granularity and focus.

Table 8: Ablation Study on FPS (1): Attention Mechanism Dependence on FPS. Comparison of Speed, Accuracy, and
Completeness Across Leading Attention Mechanisms on Short Videos (<120s). This study highlights the strong dependence of
FPS on each model’s performance. For short videos, FlashAttention is recommended over SDPA. *Default settings as per the
Video-MME benchmark (FPS = 1), with no additional audio ALM transcription fed into the Qwen model.

Experiments on Short Videos* Processing Time Total Answered (%) Correct Answered (%)

SDPA (1 FPS) 44m 12s 6% 64.81%
FlashAttention (1 FPS) 1h 30m 12s 100% 70.78%

Experiments on All Length Videos Processing Time Total Answered (%) Correct Answered (%)

SDPA (0.1 FPS) 4h 37m 2s 37% 58.73%
FlashAttention (0.1 FPS) 7h 40m 17s 100% 54.81%
SDPA (0.01 FPS) 2h 12m 37s 87% 48.40%
FlashAttention (0.01 FPS) 1h 50m 11s 100% 48.55%
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Table 9: Ablation Study on FPS (2) Reducing FPS does not necessarily help the Qwen model answer more questions correctly.
In fact, it can have a negative impact, as lower frames per second lead to missing information. Here, the completeness percentage
increases from 37% to 87% significantly, but the accuracy drop from 58.73% to 48.40%. However, with the support of audio
ALM transcription, accuracy is maintained, improving from 58.73% to 61.80% when FPS = 0.1, and from 48.40% to 49.36%.
This further validates our first finding from a different perspective.

Experiments on All Length Videos Total Answered (%) Correct Answered (%)

SDPA (0.1 FPS) without Audio Transcription 37% 58.73%
SDPA (0.1 FPS) with Audio Transcription 26.78% 61.80%
SDPA (0.01 FPS) without Audio Transcription 87% 48.40%
SDPA (0.01 FPS) with Audio Transcription 68.92% 49.36%

Figure 6: Deliverable Attributes. Define each GenAI output file attributes. *ALM stands for Audio Large Language model
generated output, and *VLM represents Video Large Language model generated output.

Table 10: Distribution of Property Audio and Video Data Across Medical Diseases Specialties.

Specialty Audio Video Specialty Audio Video

Oncology 208 8934 Ophthalmology 159 2862
Cardiovascular 1 14 Respiratory Disease 16 467
Dermatology 0 30 Nephrology 1 380
Hematology 67 3606 Not Applicable 59 2853
Immunology 144 510 Movement Disorder 9 289
Infectious Disease 1 239 Inflammatory Disease 20 222
Metabolism 0 6 Neuroscience 202 4914

100



Table 11: The backbones, hyper-parameters, and prompt settings of selective SOTA VLMs.

Model Description Type Token Limit API Price in
Dollars

Modality Prompt Example

GPT-4 Turbo, The latest
GPT-4 model with im-
proved instruction, repro-
ducible outputs, parallel
function calling. Returns
max of 4,096 output to-
kens. Training data up to
Apr 2023

gpt-4-
1106-
preview

Input token
limit:128K

Input
0.06/K
Tokens. Out-
put 0.12/K
Tokens

Text Generation,
Chat Completion,
Image to Text

Could you please provide a sum-
mary of this video based on sam-
ple frames focusing on the con-
tent and workflow rather than
specific logos or the color of text?
After summarizing, list the key
frames with brief captions in the
format (00:00, caption). Ensure
the analysis is accurate and avoid
including any assumptions or ex-
trapolations. Use an expert do-
main perspective to enhance rel-
evance and precision. Do not re-
peat sentences or focus on QR
codes or logos.

Qwen2-VL. updated on
Huggingface Jan. 2025

Qwen2-
VL-
7B

Input token
limit:32K

Opensource Text Generation,
Video to Text

Could you please provide a sum-
mary of this video, focusing on
the content and workflow rather
than specific logos or the color of
text? After summarizing, list the
key frames with brief captions in
the format (00:00, caption). En-
sure the analysis is accurate and
avoid including any assumptions
or extrapolations. Use an expert
domain perspective to enhance
relevance and precision. Do not
repeat sentences or focus on QR
codes or logos.

Gemini 2.0 Flash Model,
released data 05th Feb
2025

Gemini
2.0
Flash
001

Input token
limit:1048K
Output token
limit: 8K

Per 1M
tokens in
USD: API
Cost 0.10
(text / image
/ video)
0.70 (audio).
Output 0.40.
e.g., 300
Long Videos
from Video-
MME costed
56.62

Audio, images,
video, text, and
PDF to text

Could you please provide a sum-
mary of this video, focusing on
the content and workflow rather
than specific logos or the color of
text? After summarizing, list the
key frames with brief captions in
the format (00:00, caption). En-
sure the analysis is accurate and
avoid including any assumptions
or extrapolations. Use an expert
domain perspective to enhance
relevance and precision. Do not
repeat sentences or focus on QR
codes or logos.
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Table 12: Area of Impact 1: AI/VLM-driven Video Processing for Medical Diagnosis.

Category Applications

Radiology and
Imaging • MRI/CT Scan Video Processing: Advanced AI can analyze full-length

MRI or CT scans in motion (e.g., cardiac MRI or functional MRI), detect-
ing anomalies faster than manual review.

• Ultrasound Interpretation: AI-powered real-time video analysis can
help with fetal health assessments, echocardiography, and liver disease
detection.

Endoscopy and
Surgery • Colonoscopy Polyp Detection: AI can process hours of colonoscopy

footage to detect polyps in real-time, improving colorectal cancer screen-
ing.

• Robotic Surgery Assistance: AI-driven video processing can provide
real-time insights to surgeons, flagging anomalies or suggesting procedural
adjustments.

Neurology and
Movement Disor-
ders

• Seizure and Tremor Analysis: AI can analyze EEG-video recordings to
classify epilepsy types.

• Parkinson’s and ALS Monitoring: AI can assess gait, facial expressions,
and movement from patient videos for early diagnosis and tracking pro-
gression.

Ophthalmology
and Dermatology • Retinal Scan Analysis: AI models can process retinal scan videos to

detect early diabetic retinopathy or macular degeneration.

• Skin Cancer Detection: Dermatologists can use AI-enhanced dermoscopy
video processing to detect melanoma more accurately.

Pathology and Mi-
croscopy • AI can analyze continuous microscopy footage to identify cancerous cells,

bacterial infections, or rare hematological conditions in blood samples
faster than human pathologists.

Remote Patient
Monitoring • Wearable devices that record and process patient videos (e.g., heart rate

monitors, movement trackers) can enable early diagnosis of conditions
like heart arrhythmias or sleep apnea at lower costs.

102



Table 13: Area of Impact 2: AI/VLM-driven Video Processing for Drone/Satellite Data Analysis.

Category Applications

Agriculture and
Environment • Crop Health Monitoring: AI-driven video analysis can quickly identify

stressed crops, pest infestations, or nutrient deficiencies.

• Deforestation and Land Use: Detecting illegal logging or monitoring
ecosystem changes becomes faster and cheaper.

• Disaster Assessment: Rapid damage assessment after hurricanes, earth-
quakes, or floods helps authorities respond effectively.

Infrastructure and
Urban Planning • Road and Bridge Inspections: AI can process high-resolution drone

footage to detect cracks, erosion, or weak points.

• Traffic and Urban Planning: Satellite video can track congestion patterns
and optimize urban development.

Defense and Secu-
rity • Surveillance and Threat Detection: Automated analysis of drone/satellite

feeds can detect anomalies, unauthorized activities, or suspicious move-
ments.

• Border and Maritime Security: Continuous video monitoring can iden-
tify smuggling, illegal crossings, or unauthorized vessel movements.

Healthcare and
Epidemiology • Mosquito-Borne Disease Prevention: Satellite video can help detect

standing water bodies where mosquitoes breed, aiding in malaria/dengue
prevention.

• Air Pollution and Public Health: Fast video analysis can track pollution
hotspots, correlating air quality data with disease outbreaks.
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Medical Diagnosis Drone / Satellite Data Analysis
Two-Panel Network: VLM Applications in Medical vs Drone/Satellite Video Analytics
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Figure 7: Two-Panel Network of Vision–Language Model (VLM) / AI Applications Across Medical and Drone/Satellite
Video Analytics. Node color and size encode an impact/maturity score (1–5). Impact is estimated as a composite index:
Impact = 0.4R + 0.2D + 0.2A+ 0.2C, where R denotes normalized research intensity (publications indexed in PubMed,
IEEE Xplore, Scopus from 2020–2025 containing “video + AI or VLM + domain”), D dataset availability (standardized/public
video datasets), A application readiness (evidence of clinical or industrial deployment and/or regulatory signals), and C cross-
domain generalizability (extent of transferability to other domains or modalities). Scores are normalized to [1, 5] (5 = high
maturity, well-validated, standardized datasets, active commercial use) and were assigned approximately as: Radiology &
Imaging 5.0 with extensive literature (>200 papers, 2020–2025), benchmark datasets (e.g., MIMIC-CXR, cardiac MRI) (Li
et al., 2021; Najjar, 2023; Pinto-Coelho, 2023), and multiple FDA-approved AI tools (FDA; ACR); Endoscopy & Surgery
4.0 with validated prototypes for polyp detection and robotic surgery support(Saeidi and et al., 2022), but moderate dataset
availability (Borgli and et al., 2020; Ali et al., 2023; Ríos and et al., 2023); Neurology & Movement 3.5; Ophthalmology &
Dermatology 3.0 with strong still-image AI base (fundus/OCT in ophthalmology; dermoscopy in dermatology), including
FDA-cleared autonomous DR screening and large image datasets/challenges (FDA, 2018; Oshika and et al., 2024; Xu and
et al., 2024; ISI; Yilmaz and et al., 2024; Behara and et al., 2024) but few real-time video pipelines available (Mahmoud and
et al., 2024; Ghamsarian and et al., 2024; Dick and et al., 2024) ; Pathology & Microscopy 2.0 with only limited continuous
video/time-lapse microscopy datasets and research mostly whole-slide image (WSI)–based (Fatima et al., 2024; Tan-Garcia et al.,
2025); Remote Patient Monitoring 3.0 with active wearable and webcam-based monitoring studies and few open datasets (Haque
et al., 2025; Huang et al., 2023) ; Agriculture & Environment 4.0 with large drone video datasets and real-world agricultural
monitoring systems and high industrial uptake (Strzępek, 2023; Wang, 2025); Infrastructure & Urban 4.0 with drone/traffic
inspection systems widely deployed and mature technical readiness (Du et al., 2018); Defense & Security 5.0 with advanced
object tracking and anomaly detection systems in full industrial operation (Zhang et al., 2022) ; Healthcare & Epidemiology
2.5 with exploratory studies linking environmental video data with disease risk or pollution metrics (Wei et al., 2023). Smaller
satellite nodes indicate representative sub-tasks within each category.
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Abstract

Current GUI agents struggle with multi-step
digital device support. We investigate whether
this failure is partly caused by a procedural
knowledge deficit: agents often rely on zero-
shot visual exploration instead of executing ver-
ified instructions. To address this, we intro-
duce the Plan-Grounded GUI Agent (PGGA),
framing interface navigation as a knowledge-
execution problem by conditioning low-level
actions on step-by-step text plans. Evaluated on
our focused Device-Support Interaction Bench-
mark (DSIB), results reveal a sharp gap be-
tween knowing which operation to perform
and grounding that operation on the screen:
GTA1-7B reaches 99.59% Operation Accu-
racy with expert plans, but only 82.99% Ele-
ment Accuracy and 45.61% Task Success Rate;
without plans, its Task Success Rate is 0.00%.
Our fine-tuned 2B-parameter PGGA achieves
54.39% Task Success Rate and 91.28% Ele-
ment Accuracy when guided by expert plans,
suggesting that explicit procedural grounding
can substantially improve GUI execution when
high-quality plans are available. Project Page:
https://hsiung.cc/PGGA/

1 Introduction

Autonomous Graphical User Interface (GUI)
agents powered by Large Multimodal Models
(LMMs) have demonstrated significant potential
for automating digital workflows (Zhang et al.,
2025; Nguyen et al., 2025; Hong et al., 2024).
These agents aim to execute multi-step tasks by
using the model’s reasoning and decision-making
abilities to translate visual interface states into ac-
tionable commands. However, deploying these
agents in real-world environments, particularly for
complex device support, remains a persistent chal-
lenge. In this context, device support refers to the
multi-step, highly specific procedures required to
configure, maintain, or adapt digital devices, such

*Work done during an internship at Amazon.

as navigating deep-nested system menus to alter
localization inputs or managing granular security
and privacy configurations.

We use grounding to mean the mapping from
a symbolic instruction or plan step, such as “tap
General”, to the concrete GUI element, operation,
and screen coordinate required in the current vi-
sual state. This notion follows the broader symbol-
and language-grounding literature (Harnad, 1990;
Shridhar et al., 2020; Song et al., 2022) and re-
cent GUI visual grounding work (Zheng et al.,
2024; Gou et al., 2025), where successful action
depends on connecting language to perceptual evi-
dence rather than only generating plausible text.

A fundamental challenge in this domain is plan-
ning. While LMMs exhibit strong zero-shot rea-
soning capabilities, their efficacy in situated GUI
navigation is often bottlenecked by the semantic
gap between high-level user instructions and the
low-level visual control required for execution. Ex-
isting approaches predominantly rely on zero-shot
visual planning, implicitly expecting the model to
infer complex, multi-step procedural logic purely
from visual observations (Wu et al., 2025; Gou
et al., 2025; Yan et al., 2023a). We argue that the
frequent failure of GUI agents in these scenarios
stems not merely from a deficit in visual grounding,
but from an acute lack of domain-specific procedu-
ral knowledge. When confronted with unfamiliar
interfaces, agents lacking structural priors default
to inefficient exploration, leading to compounding
errors and ultimate task failure.

This paper targets the domain of device sup-
port: tasks that are highly deterministic given a
standard operating procedure but remain opaque to
an unguided agent. To address this, we introduce
the Plan-Grounded GUI Agent (PGGA), as illus-
trated in Figure 1. Instead of relying only on the
Vision-Language Model’s (VLM) internal, implicit
knowledge to guess the next action, PGGA grounds
its execution in step-by-step action plans retrieved

105

https://hsiung.cc/PGGA/


Knowledge-Grounded Planner

RAG Retriever Retrieved Steps /
FAQs

Step-by-Step
Plan Generator

Structured
Action Plan ( )

LLM

GUI Environment

new         , update

Execution Agent (PGGA)

VLM Backbone
Action

Grounding

Next Low-Level Action (    ):
{

  'action': 'TAP’,

  'value': 'Language & Region’,

  'position': [0.5, 0.55]

}

Inputs: Current Obs ( ),
Task (   ), History ( )

Current GUI
Screen (    )

Task Instruction (   ) 

Change the device
language to Spanish

Current GUI 
Screen (    )

Task Instruction 
(   )

Interaction
History (     )

EX
EC

U
TI

O
N

 M
O

D
U

LE
(P

la
n-

G
ro

un
de

d 
Ac

tio
n 

Ex
ec

ut
io

n)

PL
A

N
N

ER
 M

O
D

U
LE

(K
no

w
le

dg
e 

Re
tr

ie
va

l
An

d 
Pl

an
 G

en
er

at
io

n)

Figure 1: Plan-Grounded GUI Agent (PGGA) Framework. Given a natural language task and the current visual
state, an intermediate Planner module queries an external Knowledge Base to retrieve relevant documentation and
synthesizes it into a step-by-step Action Plan. The model then predicts the next action by heavily conditioning on
this explicit procedural plan, alongside the original task, current screenshot, and interaction history.

from an external knowledge base, following the
retrieval-augmented generation paradigm (Lewis
et al., 2020; Hayashi et al., 2025). Our central hy-
pothesis is intentionally narrow: for deterministic
device-support tasks, external procedural knowl-
edge can reduce the search space enough to make
visual grounding and action execution substantially
more reliable.

To evaluate this device support capability, we
curate the Device-Support Interaction Benchmark
(DSIB). DSIB is a focused benchmark with 57 high-
intent device configuration tasks and 241 individual
steps collected directly on a mobile device, aver-
aging 4.23 steps per task. The benchmark focuses
on deep-nested system configurations and complex
visual disambiguation, requiring navigation depths
of up to five hierarchical menu levels across diverse
functional domains. We therefore describe DSIB
as a multi-step, deep-menu benchmark rather than
claiming broad coverage of all long-horizon GUI
automation.

We evaluate PGGA across varying degrees of
plan quality: 1) Task Only, 2) Task with a Re-
trieved Action Plan, and 3) Task with an Expert-
Annotated Action Plan. Relying solely on task
instructions yields a 7.02% Task Success Rate (SR)
for PGGA-2B. When grounded in expert-annotated
plans, PGGA-2B achieves a 54.39% Task SR. This
gap suggests that high-quality procedural priors can
improve next-action prediction in complex digital
environments, while the much lower score under
retrieved plans highlights retrieval quality as an
unresolved bottleneck. We summarize our main
contributions as follows:

• We introduce the Device-Support Interaction
Benchmark (DSIB), a focused dataset of com-
plex, multi-step device support tasks designed to
evaluate procedural execution and visual disam-
biguation in deep mobile settings menus.

• We propose the Plan-Grounded GUI Agent
(PGGA), a framework that reformulates interface
navigation from a zero-shot exploration prob-
lem into a knowledge-execution problem by con-
ditioning low-level actions on step-by-step text
plans.

• We empirically show that explicit procedural
grounding substantially improves DSIB perfor-
mance when plan quality is high, while also iden-
tifying retrieval noise, benchmark scale, and plan-
specific fine-tuning as key limitations requiring
further ablation.

2 Methodology

We model the environment as a Partially Ob-
servable Markov Decision Process (POMDP). At
each timestep t, the agent receives an observation
ot ∈ O (the current GUI screenshot) and must
predict an action at ∈ A based on a natural lan-
guage task description I and the interaction history
ht = {(o0, a0), . . . , (ot−1, at−1)}. Standard GUI
agents learn a policy π(at|ot, ht, I).

We hypothesize that learning this direct map-
ping is sub-optimal for complex device support,
as it forces the agent to rely on ungrounded vi-
sual guessing when encountering unfamiliar in-
terfaces. Inspired by the natural human cogni-
tive workflow of consulting external manuals to
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resolve device issues (detailed in Appendix B),
the PGGA framework introduces an intermediate
planning module. Given the task I and current
state ot, the Planner queries an external Knowledge
Base to retrieve a relevant document D. The Plan-
ner synthesizes D into a structured Action Plan
P = {p1, p2, . . . , pn}, where each pi represents a
discrete operational step. The PGGA policy is thus
reformulated to condition heavily on this explicit
plan: πθ(at|ot, ht, I, P ).

2.1 Plan Construction and Retrieval

PGGA uses the same action space as the base GUI
agent, but augments the input with a textual plan.
The plan is not treated as an executable script: at ev-
ery timestep, the model must still align the current
screenshot and interaction history with the next rel-
evant plan step, choose the correct operation, and
ground it to the target UI element.

Retrieved plans. The default DSIB retrieval
script first prompts the planner model to inspect the
task and initial screenshot, producing a web-search
query and a short description of the current GUI
state. It then calls gpt-5.4 through the OpenAI
Responses API with the web-search tool enabled,
using deterministic decoding (temperature=0 and
top_p=1.0), and asks the model to synthesize a
numbered, atomic action plan grounded in the cur-
rent state.

Expert-annotated plans. For the expert-plan
condition, we construct the plan from the ground-
truth trajectory. The implementation first con-
catenates the previous low-level step representa-
tions with the current ground-truth step, then uses
gpt-4.1-nano to rewrite these low-level traces
into a concise numbered action plan. This con-
dition is an oracle upper bound for plan quality
rather than a deployable retrieval setting, and is
used to measure whether the executor can ground
and follow a correct procedure.

2.2 Model Architecture and Training

As illustrated in our system architecture, PGGA
integrates the generated Action Plan alongside the
visual state and action history. We use ShowUI-2B
(Lin et al., 2025) as the base model because it is an
open-weight, 2B-parameter vision-language-action
model explicitly trained for GUI action prediction,
making it a suitable backbone for testing whether
plan conditioning can improve a compact executor.

The fine-tuning process utilizes Mind2Web
(Deng et al., 2023). We convert each ground-
truth interaction trace into a readable Action Plan
using gpt-4.1-nano, the same lightweight trace-
rewriting model used in the expert-plan construc-
tion script. This model is used only to rewrite
already observed low-level actions into human-
readable atomic steps; it is not used to infer missing
procedures. The exact trace-to-plan prompt is pro-
vided in Appendix D. This training phase optimizes
PGGA-2B as a plan-conditioned executor; it does
not train the retrieval module.

2.3 Device-Support Interaction Benchmark
(DSIB)

We curate the DSIB, building up 57 high-intent
device support and configuration tasks, comprising
a total of 241 individual steps, designed to mimic
real-world mobile setup scenarios (Liu et al., 2025).
All task trajectories within the dataset were col-
lected directly on an Apple iPhone XR. The bench-
mark averages 4.23 steps per task and requires nav-
igation depths of 3 to 5 hierarchical menu levels
(see DSIB task example in Appendix C).

The dataset evaluates breadth and stability across
six functional domains: Localization & Input
(13.5%), System Customization (22.5%), Connec-
tivity & Networking (17.5%), Security & Privacy
(12.5%), Accessibility & Vision (19%), and Battery
& Power Management (15%). Tasks frequently
feature near-neighbor distractors (e.g., distinguish-
ing “DD/MM/YYYY” from “DD-MM-YYYY”),
demanding high-fidelity visual grounding. Instruc-
tions vary in semantic diversity, ranging from tech-
nical directives to colloquial user queries.

3 Experiments

3.1 Experimental Setup

Models. To evaluate the impact of plan grounding,
we benchmark PGGA-2B against two representa-
tive baselines:

• ShowUI-2B (Lin et al., 2025): The model serv-
ing as our base architecture, evaluated zero-shot
to demonstrate the delta achieved by our plan-
grounding fine-tuning.

• GTA1-7B (Yang et al., 2026): A larger 7B-
parameter VLM specialized for GUI tasks. We
select GTA1-7B because it is an open GUI-
focused model with strong reported test-time
scaling performance, providing a high-capacity
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Instruction Format Models Task SR. Elem. Acc. Op. Acc. Step SR.

Task Only
ShowUI-2B 1.75% 46.47% 65.97% 35.27%
GTA1-7B 0.00% 40.66% 98.76% 40.66%
PGGA-2B 7.02% 57.26% 90.87% 51.45%

Task Only + Action Plan (Retrieval)

ShowUI-2B 3.51% 46.47% 70.95% 40.25%
GTA1-7B 29.82% 65.15% 97.10% 65.15%
PGGA-2B 19.30% 76.76% 87.55% 68.05%

Task + Action Plan (Expert-Annotated)

ShowUI-2B 3.51% 50.21% 88.38% 48.96%
GTA1-7B 45.61% 82.99% 99.59% 82.57%
PGGA-2B 54.39% 91.28% 95.02% 88.38%

Table 1: Performance comparison of GUI navigation agents on the DSIB dataset.

comparison point against the compact 2B execu-
tor.

We evaluate these models across three distinct
instruction formats (see Appendix D for examples):

1. Task Only (zero-shot exploration): Only pro-
vide the task (e.g., Change the device language
to Spanish),

2. Task + Action Plan via Retrieval: The action
plan is constructed using the retrieval pipeline
described in Appendix D, and

3. Task + Expert-Annotated Action Plan (the
theoretical upper bound for plan quality): The
action plan is constructed from all the ground-
truth steps.

Evaluation Metrics. Agents are evaluated on four
key axes to decouple reasoning from visual ground-
ing:

• Task Success Rate (Task SR): A strict, binary
metric indicating if the final target state was suc-
cessfully reached and the correct ultimate action
was executed.

• Element Accuracy (Elem. Acc.): The accuracy
of correctly predicting the spatial coordinates or
bounding box of the target UI element.

• Operation Accuracy (Op. Acc.): The accu-
racy of selecting the correct interaction type (e.g.,
TAP, TYPE, SCROLL) independent of element
localization.

• Step Success Rate (Step SR): The percentage of
individual steps within a task completed correctly,
providing partial credit for trajectory progress.

3.2 Results
Table 1 presents the comparative performance of
our fine-tuned PGGA-2B against the baselines
across the three instruction formats.

Zero-Shot Performance (Task Only). With-
out procedural guidance, all models struggle to
complete multi-step GUI navigation. PGGA-2B
achieves the highest Task Success Rate (Task SR) at
7.02% and Step Success Rate (Step SR) at 51.45%.
Notably, the GUI-specific GTA1-7B fails to com-
plete any full trajectories in this setting (0.00%
Task SR), highlighting the limitation of purely vi-
sual zero-shot exploration on DSIB.
Retrieval-Augmented Performance. Augment-
ing the instruction with a retrieved action plan
yields noticeable improvements, but also exposes
the retrieval bottleneck. GTA1-7B exhibits the
strongest task-level performance in this setting, in-
creasing to a 29.82% Task SR and outperforming
PGGA-2B (19.30% Task SR). However, PGGA-
2B maintains a higher Element Accuracy (76.76%)
and Step SR (68.05%), suggesting it follows indi-
vidual retrieved steps more accurately, even when
the overall retrieved plan fails to reach the final
target state.
Expert-Annotated Performance. Grounding the
models in expert-annotated plans substantially im-
proves execution. PGGA-2B achieves the best
DSIB results in this setting, with a 54.39% Task
SR, 91.28% Element Accuracy, and 88.38% Step
SR. GTA1-7B also shows large gains (45.61% Task
SR), indicating that high-quality action plans help
both compact fine-tuned executors and larger GUI-
specialized models bridge the procedural knowl-
edge gap.

4 Discussion

The Knowledge Bottleneck. When models are
restricted to the Task-Only format, performance
collapses across all architectures. Notably, the
GUI-specific GTA1-7B fails to complete any DSIB
trajectory, achieving a 0.00% Task SR. However,
when provided with an Expert-Annotated Action
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Plan, PGGA-2B’s Task SR rises to 54.39%. This
improvement suggests that, in deterministic device-
support tasks, procedural knowledge is a major bot-
tleneck: under expert guidance, PGGA-2B reaches
91.28% Element Accuracy, indicating that much of
the remaining challenge is selecting and sequenc-
ing the right targets rather than merely recognizing
visible widgets.

Compact Plan-Conditioned Execution. Our
fine-tuned PGGA-2B consistently outperforms the
much larger GTA1-7B model in Element Accuracy
and Step SR when provided with structured plans.
The behavior of the 7B-parameter baseline is re-
vealing: while it maintains near-perfect Operation
Accuracy (peaking at 99.59%, indicating strong
semantic understanding of action types), its lower
Element Accuracy (82.99%) compared to PGGA-
2B suggests that scaling parameters alone does not
guarantee precise pixel-level grounding in dense
GUIs without task-format adaptation. We there-
fore frame PGGA as evidence for compact plan-
conditioned execution, not as a pure parameter-
efficiency result: PGGA-2B is fine-tuned for plan
following, while GTA1-7B is evaluated without
additional fine-tuning in our setup.

The Retrieval Gap. An important nuance in
our findings is the performance degradation be-
tween Expert-Annotated plans and Retrieved plans.
While PGGA-2B achieves a 54.39% Task SR with
expert plans, it drops to 19.30% with retrieved
plans. Interestingly, the larger GTA1-7B model
demonstrates superior robustness to noisy or imper-
fect retrieved plans, achieving a 29.82% Task SR in
this setting. This does not contradict the executor
result; rather, it suggests that PGGA-2B is more
literal and less recovery-oriented. It often grounds
individual retrieved steps well, but a missing pre-
requisite, wrong step order, or irrelevant retrieved
instruction can derail the full trajectory. GTA1-7B
appears better able to ignore or repair some noisy
plan fragments, while PGGA-2B more faithfully
follows them.

5 Conclusion

This paper introduces the Plan-Grounded GUI
Agent (PGGA), a framework that reframes auto-
mated device support from a problem of zero-shot
visual exploration to one of grounded procedu-
ral execution. By formalizing the integration of
retrieved action plans into the VLM observation
space, we demonstrate that a parameter-efficient

2B model can achieve profound improvements in
visual grounding and task success. Our findings
isolate long-horizon planning and domain knowl-
edge as the current fundamental bottlenecks in
GUI agent capabilities. While PGGA establishes
a new standard for plan execution, our analysis
of the retrieval gap underscores the necessity for
future research focused on improving the robust-
ness of the knowledge retrieval mechanisms and
error-recovery policies.

Limitations

PGGA demonstrates that plan grounding can sub-
stantially improve DSIB execution when high-
quality procedures are available, but several lim-
itations remain. First, DSIB is intentionally fo-
cused: it contains 57 tasks, 241 steps, and one
device configuration environment (Apple iPhone
XR). This makes it useful as a controlled stress
test for deep settings navigation, but insufficient
for broad claims about all device-support tasks or
GUI automation. We therefore treat the current
results as pilot-benchmark evidence. Future work
should also evaluate multiple devices, iOS versions,
Android settings flows, and interactive re-planning
methods that can detect when a retrieved plan is
inconsistent with the observed screen. Second, the
gap between expert-annotated and retrieved plans
is large. Our 2B-parameter model is precise when
instructions are correct, but less robust to noisy
or suboptimal retrieved plans than GTA1-7B. This
indicates that retrieval quality is not an implemen-
tation detail but a central part of the system. Third,
our comparison is not a pure parameter-efficiency
comparison because PGGA-2B is fine-tuned for
plan following while GTA1-7B is evaluated with-
out additional fine-tuning.
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Appendix

A Related Work

Graphical User Interface (GUI) Agents. Re-
cent advancements in Large Multimodal Models
(LMMs) have catalyzed the development of au-
tonomous agents capable of navigating digital en-
vironments (Zhang et al., 2025; Zheng et al., 2024;
Hong et al., 2024). These systems generally fall
into two paradigms: training-free and training-
based models. Training-free approaches rely on
proprietary models like GPT-4 to process exter-
nal UI representations, such as accessibility trees
or OCR-derived bounding boxes, via zero-shot
prompting (Yang et al., 2023; Yan et al., 2023b).
Conversely, training-based models fine-tune open-
weight architectures on massive datasets of web
and mobile interactions to directly predict actions
from raw pixels (Hong et al., 2024; Li et al., 2024).
While these models have significantly closed the
visual perception gap, they predominantly focus on
generalized navigation. In contrast, PGGA explic-
itly targets the domain of automated device support.
We recognize that visual acuity alone is insufficient;
without the domain-specific procedural knowledge
required for complex system configurations, mod-
els default to inefficient and error-prone guessing.

Planning and Reasoning in Autonomous Agents.
To tackle long-horizon tasks, prior work has ex-
tensively explored hierarchical planning and tool
use (Yao et al., 2023; Schick et al., 2023). In
the digital agent domain, systems like WebPilot
(Zhang et al., 2024), AgentOccam (Yang et al.,
2024), and ADaPT (Prasad et al., 2023) employ
complex, multi-agent prompting frameworks using
massive closed-source models to iteratively decom-
pose tasks and replan upon failure. While effective
in unconstrained web browsing, these zero-shot ex-
ploratory methods are highly inefficient—and po-
tentially unsafe—for deterministic device support.
Operating deep within system settings demands a
high degree of operational robustness to avoid unin-
tended configurations. PGGA addresses this by re-
placing open-ended exploration with authoritative
plan execution. By grounding a parameter-efficient
2B model in retrieved procedural steps, we ensure a
more reliable, trustworthy, and computationally ef-
ficient trajectory than complex multi-agent prompt-
ing cascades.

Grounded Language Understanding and Syn-
thetic Data. Mapping high-level natural lan-

guage instructions to executable environment ac-
tions is a core challenge in grounded language
understanding (Shridhar et al., 2020; Song et al.,
2022). For digital agents, datasets like Mind2Web
(Deng et al., 2023) and AndroidInTheWild (Rawles
et al., 2024) have provided critical interaction
traces. Recently, synthetic data generation has been
widely adopted to augment these datasets, utilizing
powerful LLMs to annotate trajectories, filter fail-
ures, or synthesize new task queries (Qi et al., 2024;
Bai et al., 2024; Lee et al., 2024). Our methodol-
ogy builds upon this paradigm but shifts the fun-
damental focus from purely visual-action mapping
to procedural conditioning. We utilize LLMs to
programmatically convert ground-truth interaction
traces into structured step-by-step action plans, en-
abling our model to learn explicit plan-following
behaviors. This data synthesis approach facilitates
our parameter-efficient fine-tuning and directly mo-
tivates the creation of our Device-Support Inter-
action Benchmark (DSIB) to rigorously evaluate
these specific capabilities.

B Motivation from Human
Problem-Solving

To design a more robust autonomous agent, we
draw direct inspiration from how human users natu-
rally resolve complex device support tasks (Figure
2). When a user encounters an unfamiliar inter-
face or does not intuitively know how to config-
ure a specific setting, they rarely resort to blind,
trial-and-error clicking. Instead, they implicitly
acknowledge their knowledge deficit and consult
external authoritative sources—such as searching
online tutorials or reading user manuals. Once this
procedural knowledge is acquired, the user system-
atically follows the suggested step-by-step instruc-
tions, directly translating text-based guidance into
visual actions until the problem is solved. This hu-
man baseline is highly efficient and minimizes the
risk of altering unintended system configurations.

In stark contrast, current state-of-the-art GUI
agents handle knowledge deficits fundamentally
differently. As illustrated in the lower trajectory of
Figure 2, when an agent lacks the requisite domain
knowledge to navigate a deep-nested menu, it relies
heavily on zero-shot visual guessing. Rather than
retrieving a verified plan, the agent hallucinates
the next logical step based solely on the immedi-
ately visible UI elements. While this ungrounded
exploration might occasionally result in the cor-
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How does current GUI Agents resolve it?

 How does human resolve it?
I don’t 

know how?
Search Online/

Look User Manual

Follow the 
suggested steps 
and address it.

Problem 
Solved.

Insufficient 
Knowledge

Hallucinates Next Step / 
Guesses Action

Correct Action 
(By Chance)

Incorrect Action

Problem 
Solved.

Stuck in a Loop / 
Problem NOT 

Solved

Figure 2: Task Resolving Trajectory

Figure 3: Example DSIB trajectory for a Localization & Input task. The visual sequence illustrates the necessary
steps to change the device language to Spanish.

rect action by sheer chance, it predominantly leads
to incorrect operations. In complex device sup-
port scenarios, a single incorrect action can trap
the agent in an unrecoverable state, causing it to
become stuck in a loop and ultimately fail the task.

This dichotomy reveals that the primary fail-
ure mode of current agents is not a lack of visual
perception, but an architectural absence of proce-
dural grounding. PGGA is directly motivated by
this human-centric problem-solving trajectory. By
equipping the agent with an intermediate planner to
retrieve and strictly follow verified action plans, we
shift the paradigm from brittle, hallucination-prone
guessing to robust, knowledge-grounded execution.

C DSIB Task Example

To illustrate the complexity and depth required by
the DSIB dataset, Figure 3 provides a concrete ex-
ample of a “Localization & Input” task: changing
the primary device language to Spanish. This se-
quence demonstrates the precise hierarchical navi-
gation and visual disambiguation challenges agents
face.

D Task-format Examples, Plan
Generation and Retrieval Prompts

Task-Only

You are an assistant trained to navigate the iPhone.
Given a task instruction, a screen observation, and an
action history sequence, output the next action and
wait for the next observation.
Here is the action space:
1. ‘TAP’: Tap on an element, value is the element to
tap and the position [x,y] is required.
2. ‘TYPE’: Type a string into an element, value is
the string to type and the position [x,y] is required.
3. ‘SCROLL’: Scroll the screen, value is the direction
to scroll and the position [x,y] is not applicable.

Format the action as a dictionary with the following
keys:
{‘action’: ‘ACTION_TYPE’, ‘value’: ‘element’,
‘position’: [x,y]}

Position represents the relative coordinates on the
screenshot and should be scaled to a range of 0-1.
Only respond in dictionary format.

Task: Change the device language to Spanish
<IMAGE - Screenshot Observation>

What is the next action? (Response should only con-

tain the json dictionary.)
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Task + Action Plan (Retrieval)

You are an assistant trained to navigate the iPhone.
Given a task instruction, action plan, a screen
observation, and an action history sequence, output
the next action and wait for the next observation.
Here is the action space:
1. ‘TAP’: Tap on an element, value is the element to
tap and the position [x,y] is required.
2. ‘TYPE’: Type a string into an element, value is
the string to type and the position [x,y] is required.
3. ‘SCROLL’: Scroll the screen, value is the direction
to scroll and the position [x,y] is not applicable.

Format the action as a dictionary with the following
keys:
{‘action’: ‘ACTION_TYPE’, ‘value’: ‘element’,
‘position’: [x,y]}

Position represents the relative coordinates on the
screenshot and should be scaled to a range of 0-1.
Only respond in dictionary format.

Task: Change the device language to Spanish
Action Plan: 1. Tap Settings on the iPhone Home
Screen.
2. Scroll if needed and tap General.
3. Tap Language & Region.
4. Tap Add Language... if Spanish is not already
listed, or tap iPhone Language if that option is
visible.
5. In the language list or search field, select Spanish.
6. If multiple Spanish variants appear, tap the
desired option, such as Español (España) or Español
(Latinoamérica).
7. Tap Use Spanish or confirm the change when
prompted.
8. Wait for the iPhone interface to refresh and display
in Spanish.

<IMAGE - Screenshot Observation>

What is the next action? (Response should only con-

tain the json dictionary.)

Mind2Web Trace-to-Plan Prompt

System: Convert a demonstrated GUI trajectory into
a user-readable action plan.

Input:
Task: {Mind2Web task instruction}
Trajectory: {ordered ground-truth actions and target
element descriptions}

Instructions:
1. Convert the trajectory into atomic, imperative
steps.
2. Keep the order exactly aligned with the demon-
strated trajectory.
3. Use visible element names when available.
4. Do not add steps that are not present in the
trajectory.
5. Do not include coordinates or implementation
details.

Output: A numbered action plan only.

Task + Action Plan (Expert-Annotated)

You are an assistant trained to navigate the iPhone.
Given a task instruction, action plan, a screen
observation, and an action history sequence, output
the next action and wait for the next observation.
Here is the action space:
1. ‘TAP’: Tap on an element, value is the element to
tap and the position [x,y] is required.
2. ‘TYPE’: Type a string into an element, value is
the string to type and the position [x,y] is required.
3. ‘SCROLL’: Scroll the screen, value is the direction
to scroll and the position [x,y] is not applicable.

Format the action as a dictionary with the following
keys:
{‘action’: ‘ACTION_TYPE’, ‘value’: ‘element’,
‘position’: [x,y]}

Position represents the relative coordinates on the
screenshot and should be scaled to a range of 0-1.
Only respond in dictionary format.

Task: Change the device language to Spanish
Action Plan: 1. Tap Settings
2. Tap General
3. Tap Language & Region
4. Tap Add Language ...
5. Tap Español
6. Tap Use Spanish

<IMAGE - Screenshot Observation>

What is the next action? (Response should only con-

tain the json dictionary.)

Retrieved-Plan Synthesis Prompt

System: You are a device-support planning assistant.
Generate a concise, ordered action plan for an
iPhone settings task using only the retrieved support
passages.

Input:
Task: {natural language user task}
Retrieved passages: {top-k retrieved passages with
source identifiers}

Instructions:
1. Output numbered steps that can be executed on
the device.
2. Each step should name one visible UI target or
one operation.
3. Preserve prerequisite order.
4. If the passages do not support a required step,
write “uncertain” for that step rather than inventing
details.
5. Avoid redundant back-and-forth navigation unless
it is required by the task.

Output: A numbered action plan only.
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Abstract

Automated Essay Scoring (AES) is crucial
for modern education, particularly with the in-
creasing prevalence of multimodal assessments.
However, traditional AES methods struggle
with evaluation generalizability and multi-
modal perception, while even recent Multi-
modal Large Language Model (MLLM)-based
approaches can produce hallucinated justifica-
tions and scores misaligned with human judg-
ment. To address the limitations, we intro-
duce CAFES, the first collaborative multi-
agent framework specifically designed for AES.
It orchestrates three specialized agents: an
Initial Scorer for rapid, trait-specific evalu-
ations; a Feedback Pool Manager to aggre-
gate detailed and evidence-grounded feedback;
and a Reflective Scorer that iteratively re-
fines scores based on this feedback to en-
hance human alignment. Extensive experi-
ments, using widely adopted MLLMs, achieve
an average relative improvement of 21% in
Quadratic Weighted Kappa (QWK) against
ground truth, with particularly strong gains in
grammatical and lexical diversity. Our pro-
posed CAFES paves the way for an intelli-
gent multimodal AES system. The code and
dataset are available at https://anonymous.
4open.science/r/CAFES-C87F/.

1 Introduction

Automated Essay Scoring (AES) plays a crucial
role in educational assessment today, offering effi-
cient, fair, and scalable evaluation of student writ-
ing tasks (Ramesh and Sanampudi, 2022; Li and
Liu, 2024; Wu et al., 2024; Xia et al., 2024). AES
systems benefit both students by highlighting key
areas for improvement and providing actionable
feedback, and educators by reducing manual grad-
ing workloads. As contemporary assessments in-
creasingly emphasize students’ abilities to integrate
information from both text and images, multimodal

*Corresponding author.

Figure 1: Comparisons among the traditional AES
method (a), MLLM-based method (b), and our proposed
multi-agent CAFES framework (c) on AES task.

writing tasks have become a key focus. Therefore,
there is a rapidly growing need for AES systems
capable of precise, detailed, context-aware evalua-
tions that effectively handle multimodal inputs (Ye
et al., 2025; Su et al., 2025; Li et al., 2024).

Traditional AES methods suffer from several
limitations, as shown in Figure 1 (a). ❶ They rely
on handcrafted features like word frequency and
essay length, limiting their generalizability across
diverse topics (Yang et al., 2024; Uto et al., 2020).
❷ They lack multimodal perception, making them
unsuitable for multimodal inputs. ❸ They strug-
gle to assess fine-grained traits, such as coherence
and organizational structure (Wang et al., 2022).
Recently, Multimodal Large Language Models
(MLLMs) have been applied to AES, yet MLLM-
based methods still introduce challenges like ❹ hal-
lucinated justifications and ❺ scoring misaligned
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with human preference (Su et al., 2025; Do et al.,
2024), as shown in Figure 1 (b).

However, the emergence of multimodal multi-
agent systems offers a compelling and promising
solution to these challenges (Chu et al., 2025).
Specifically, multi-agent frameworks demonstrate
the following key advantages, as shown in Fig-
ure 1 (c): ✔ They enable fine-grained trait evalua-
tion, providing comprehensive feedback across var-
ious writing traits. ✔ They can generate evidence-
grounded justifications and engage in cross-agent
collaboration, effectively mitigating hallucinations
introduced by a single MLLM. ✔ The reflective
mechanism of multi-agent systems ensures human-
aligned revisions, adjusting scores to better align
with human preferences.

Therefore, we propose CAFES, the first-ever
collaborative multi-agent framework designed
specifically for AES. In particular, CAFES de-
composes the scoring process into three specialized
modules: an initial scoring agent that provides fast
trait-specific scores; a feedback pool agent that ag-
gregates detailed strengths across writing traits; and
a reflective scoring agent that iteratively updates
scores based on the feedback pool. In summary,
our contributions lie in three aspects:

• We introduce CAFES, the first multi-agent
framework for AES, integrating three special-
ized agents including Initial scorer, Feedback
Pool Manager, and Reflective Scorer to enable
collaborative multi-granular essay scoring.

• We demonstrate the essential impact of the
Feedback Pool Manager, Reflective Scorer,
and teacher-student MLLM collaboration
mechanism through ablation studies.

• We evaluate the CAFES framework with
eight widely adopted MLLMs as student mod-
els, GPT-4o as the default teacher model,
achieving an average improvement of 21%
in Quadratic Weighted Kappa (QWK), espe-
cially for grammatical and lexical diversity.

By addressing the gaps in the existing AES ap-
proaches, CAFES paves the way for reliable, nu-
anced, and context-sensitive multi-agent AES sys-
tems driven by MLLMs in the AGI era.

2 Related Work

2.1 AES Datasets

Existing AES datasets have been widely used to
support research on writing assessment (more de-
tails are shown in the Appendix A.1). In terms
of modality, these datasets can be categorized into
text-only and multimodal datasets.

Among text-only datasets, ASAPAES (Cozma
et al., 2018) is widely used due to its large scale
and high quality. Its extended version, ASAP++,
adds trait-level annotations, but merges key con-
tent traits into a single “CONTENT” label (Math-
ias and Bhattacharyya, 2018). Both of them only
have few topics in total. The CLC-FCE dataset
provides detailed annotations of grammatical er-
rors (Yannakoudakis et al., 2011). The TOEFL11
dataset uses only coarse-grained proficiency labels
(low / medium / high) (Lee et al., 2024a). The
ICLE (Granger et al., 2009) and ICLE++ (Li and
Ng, 2024c) datasets offer more detailed and multi-
granular annotations. Nevertheless, their topic cov-
erage is highly limited. Similarly, the AAE corpus
focuses solely on argumentative structure (Stab and
Gurevych, 2014). The CREE corpus is designed
to evaluate sentence understanding and error types
(Bailey and Meurers, 2008). In summary, existing
text-only AES datasets generally suffer from two
key limitations: (1) limited topic diversity, and (2)
a lack of fine-grained trait-level annotations (Ke
and Ng, 2019; Li and Ng, 2024b,a).

EssayJudge is the only publicly available multi-
modal AES dataset (Su et al., 2025), providing ten
fine-grained trait annotations for comprehensive
assessment, organized into three levels. Lexical-
level traits include lexical accuracy (LA) and lexi-
cal diversity (LD). Sentence-level traits include co-
herence (CH), grammatical accuracy (GA), gram-
matical diversity (GD), and punctuation accuracy
(PA). Discourse-level traits include argument clar-
ity (AC), justifying persuasiveness (JP), organiza-
tional structure (OS), and essay length (EL).

2.2 AES Systems

AES systems are typically classified into three
types: heuristic, machine learning, and deep learn-
ing approaches (Li and Ng, 2024a; Kamalov et al.,
2025; Atkinson and Palma, 2025; Xu et al., 2025;
Song et al., 2025). Heuristic methods assign over-
all scores by combining rule-based trait scores such
as organization, coherence, and grammar. For
instance, the organization can be assessed using
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Figure 2: The framework of our proposed CAFES. The system follows a three-stage process: ❶ Initial scoring via
the student MLLM; ❷ Feedback generation for each trait via the teacher MLLM; and ❸ Final reflective scoring
with justification-based revision via the teacher MLLM.

templates like the three-paragraph essay format
(Attali and Burstein, 2006). Machine learning
methods (e.g., Logistic Regression, SVMs) rely
on handcrafted features (Chen and He, 2013; Yan-
nakoudakis and Briscoe, 2012), including length-
based attributes (Vajjala, 2016; Yannakoudakis and
Briscoe, 2012). Thus, their cross-topic generaliza-
tion is limited. Deep learning methods, especially
Transformer models like BERT (Wang et al., 2022),
improve AES by learning semantic features directly
from text (Jiang et al., 2023; Cao et al., 2020; Wang
and Liu, 2025; Li and Pan, 2025), enabling multi-
trait and cross-topic scoring. LLM-based meth-
ods have recently advanced AES (Mizumoto and
Eguchi, 2023; Choi et al., 2025; Cai et al., 2025; Do
et al., 2024). They support zero-shot scoring using
rubrics alone (Lee et al., 2024a), or few-shot set-
tings with minimal examples (Mansour et al., 2024;
Xiao et al., 2024), offering better performance and
adaptability in low-resource scenarios.

2.3 Multi-Agent Collaboration

Recent studies suggest that multi-agent collabo-
ration, by organizing and coordinating multiple
LLMs, enables more effective handling of complex
tasks (Tran et al., 2025; Yan et al., 2025b). Sys-
tems like CAMEL (Li et al., 2023) and AutoGen
(Wu et al., 2023) assign roles such as planner, coder,
and critic, allowing agents to interact through multi-

turn dialogue and perform better in reasoning, gen-
eration, and self-revision (Liang et al., 2024). This
approach offers key benefits: improved task decom-
position and control through role division, reduced
bias via mutual verification, and enhanced adapt-
ability and modularity. It is increasingly adopted in
areas such as decision-making (Liu et al., 2024b),
code generation (Yuan et al., 2024), and automated
evaluation (Lifshitz et al., 2025). More related
work on MLLMs can be found in Appendix A.2.

3 Methodology

Figure 2 illustrates the overall architecture of our
multi-agent AES framework, which consists of
three core agents: ❶ Initial Scorer, ❷ Feedback
Pool Manager, and ❸ Reflective Scorer. To exe-
cute these agents, we introduce two types of mod-
els: ❶ a student MLLM and ❷ a teacher MLLM.
The student model, which has relatively weaker
capabilities, handles the Initial Scorer by giving
an initial score for each of the ten fine-grained
traits. The teacher model, with stronger reasoning
abilities, executes the Feedback Pool Manager to
generate feedback comments and applies the Re-
flective Scorer to revise the student model’s initial
scores based on the feedback pool. This collabora-
tive setup mirrors the human-in-the-loop process
of "scoring → feedback → revision" in real-world
scoring assessment. In the following sections, we
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provide a detailed description of each module.

3.1 Initial Scorer

The Initial Scorer module is responsible for produc-
ing preliminary scores across the ten fine-grained
traits. Given the text of the essay topic T , the cor-
responding image I , the student’s essay E, and
the detailed scoring rubrics R ∈ R10, the student
MLLM assigns an initial score s(0)i for each trait
di. Formally, the Initial Scorer defines a mapping:

S : (T, I, E;R) 7→ s(0) ∈ R10

where s(0) = (s
(0)
1 , . . . , s

(0)
10 ) denotes the prelimi-

nary scores with s(0)i ∈ {0, 1, . . . , 5}.
This step can be viewed as the student model

independently answering an exam based on its own
understanding. The subsequent modules, executed
by the teacher MLLM, are responsible for review-
ing the student MLLMs’ answers, providing feed-
back, and refining the initial judgments.

3.2 Feedback Pool Manager

The Feedback Pool Manager module is responsi-
ble for generating feedback for the student’s essay
based on the ten traits. Prior studies have indicated
that MLLMs tend to adhere to the rubrics more
strictly than human raters, often assigning lower
scores during essay scoring (Su et al., 2025; Kundu
and Barbosa, 2024). To address this tendency, we
design the Feedback Pool Manager to focus ex-
clusively on extracting feedback, emphasizing the
strengths demonstrated in the essay. Formally, the
Feedback Pool Manager defines a mapping:

F : (T, I, E;R) 7→ f ∈ R10

where f = (f1, . . . , f10) denotes a set of feedback
entries, each associated with a specific trait di. For
each trait, MLLMs return the extracted comments
highlighting well-performed aspects of the essay.

The feedback generated by the teacher MLLM
provides crucial and structured guidance, enabling
the Reflective Scorer to determine whether the ini-
tially assigned scores require further revision.

3.3 Reflective Scorer

The Reflective Scorer module is responsible for
revising the student’s initial scores by integrating
the feedback information. Formally, the Reflective
Scorer defines a mapping:

S ′
: (T, I, E, s(0),f ;R) 7→ s(1) ∈ R10

where s(1) = (s
(1)
1 , . . . , s

(1)
10 ) denotes the revised

scores. The teacher MLLM outputs a revised JSON
object, and an example is shown in Figure 3.

This reflective revision mechanism ensures
that the final assessment fairly incorporates the
strengths recognized in the essay, while avoiding
unnecessary or overly aggressive adjustments.

revise: <| True / False |>
modified_scores:
<| Coherence: {"score": X, "reason": ". . . "}
Essay Length: {"score": Y, "reason": ". . . "} |>

Figure 3: Reflective scorer’s JSON output format.

4 Experiments and Analysis

4.1 Experimental Setup

Dataset. We evaluate our agent-based AES system
CAFES on the ESSAYJUDGE dataset, the only pub-
licly available multimodal AES dataset. It consists
of 1,054 multimodal essays written at the university
level. Each essay requires students to analyze and
construct arguments based on visual inputs such
as line charts and flow charts, posing significant
challenges for MLLMs in terms of visual-textual
understanding and reasoning. What’s more, it cov-
ers 125 distinct essay topics across diverse domains
including education, environment, and evolution.
More details about the dataset are shown in Table
1. The diversity in both topics and visual formats
increases the complexity of the scoring task and
provides a strong foundation for evaluating the ro-
bustness and generalizability of AES systems under
varied multimodal scenarios.

Statistic Number

Total Multimodal Essays 1,054

Image Type
- Single-Image 703 (66.7%)
- Multi-Image 351 (33.3%)

Multimodal Essay Type
- Flow Chart 305 (28.9%)
- Bar Chart 211 (20.0%)
- Table 153 (14.5%)
- Line Chart 145 (13.8%)
- Pie Chart 71 (6.7%)
- Map 62 (5.9%)
- Composite Chart 107 (10.2%)

Table 1: Key statistics of the ESSAYJUDGE dataset.

Basic Settings. In the CAFES AES framework,
GPT-4o is assigned as the default teacher model
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throughout all experiments to guide and refine
student MLLM’s outputs, given its strong perfor-
mance in AES (Hurst et al., 2024; Su et al., 2025).
To evaluate CAFES’ generalization ability, we sys-
tematically assign a wide range of leading MLLMs
to the student model, grouped as follows: (i) Open-
source MLLMs: InternVL2.5 (2B, 4B, 8B, 26B)
(Chen et al., 2025b), Qwen2.5-VL (3B, 32B) (Chen
et al., 2025c), and LLaMA-3.2-Vision (11B, 90B)
(Dubey et al., 2024); (ii) Closed-source MLLMs:
Claude-3.5-Sonnet (Anthropic, 2024), Gemini-2.5-
Flash (DeepMind, 2025), and GPT-4o-mini (Ope-
nAI, 2024). Since no existing AES model is de-
signed for multimodal settings, we use the initial
scores produced by each student model — before
any teacher MLLM’s feedback or reflection — to
serve as the baseline for comparison. This setup en-
sures that any observed improvements can be fully
attributed to the multi-agent process introduced in
the CAFES. Detailed rubrics, prompts and model
sources are listed in Appendix B.1, B.2, and B.3.

Evaluation Metric. After reviewing previous
AES studies (Song et al., 2024; Lee et al., 2024b;
Mathias and Bhattacharyya, 2018), we select QWK,
Pearson’s Correlation Coefficient (PCC) and Spear-
man’s Rank Correlation Coefficient (SCC) as our
evaluation metrics, which are commonly used
for assessing model alignment with ground truth
scores. The QWK formula is expressed as:

k = 1−
∑

i,j wi,jOi,j∑
i,j wi,jEi,j

,

where wi,j =
(i−j)2

(N−1)2
is the element of the weight

matrix penalizing larger differences between i and
j, Oi,j is the observed agreement, and Ei,j is the
expected agreement under random chance. QWK
values range from -1 to 1. We report results using
PCC and SCC as supplementary metrics in Ap-
pendix B.4. In general, higher values are expected.

4.2 Main Results
Our proposed CAFES framework yields con-
sistent and significant improvements of QWK
across each student MLLM on most traits. All
results of QWK are shown in Table 2. Compared
to the initial scores of single MLLMs, it achieves
a 21% relative improvement in average QWK. In
addition, CAFES brings a 12% average improve-
ment in PCC and a 9% average improvement in

1The initial scores are generated in a single inference over
ten traits, whereas EssayJudge predicts one trait per inference.

SCC. These results clearly demonstrate the robust-
ness and effectiveness of CAFES.

The CAFES framework yields the most sig-
nificant improvements in grammatical and lex-
ical diversity. As shown in Figure 4, these two
traits show the greatest improvements under the
CAFES framework. This is because single student
MLLMs tend to focus on surface-level errors of
grammar and vocabulary in initial scoring while
overlooking the positive aspects of diversity (Su
et al., 2025; Kundu and Barbosa, 2024), leading
to underestimation compared to human raters (as
shown in Appendix B.5). With the help of the
Feedback Pool Manager, the agent highlights key
strengths and passes them to the Reflective Scorer,
enabling more accurate recognition of diverse ex-
pressions and better-aligned score revisions.

Figure 4: Trait-level score improvements after reflection
via CAFES across different student MLLMs.

In general, the lower the QWK of initial
score generated by Initial Scorer, the greater
the QWK improvement brought by CAFES.
This trend appears both within and across stu-
dent MLLMs. Within a student MLLM, traits
with a lower initial QWK tend to improve more
with CAFES (as shown in Figure 5). More ex-
amples are shown in Appendix B.6. Across dif-
ferent student MLLMs, those with weaker initial
performance benefit more from CAFES frame-
work. For instance, Claude-3.5-Sonnet, one of
the best-performing models initially, achieved only
a 0.04 absolute gain (8% relative improvement),
while LLaMA-3.2-11B-Vision achieved a 0.09 gain
(47.8% relative improvement). A full comparison
of QWK improvements across all student MLLMs
is provided in the Appendix B.6. This is likely
because lower-performing traits or MLLMs have
more room for improvement, while stronger ones
are already close to the teacher MLLM’s level.
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MLLMs Lexical Level Sentence Level Discourse Level

LA LD CH GA GD PA AC JP OS EL

Open-Source MLLMs

InternVL2.5-8B (Chen et al., 2025b) 0.32 0.20 0.27 0.27 0.11 0.21 0.26 0.39 0.09 0.10
+ CAFES (Ours) 0.38 0.37 0.32 0.38 0.29 0.29 0.27 0.39 0.29 0.17

Improvements +0.07 +0.18 +0.05 +0.12 +0.18 +0.09 +0.01 - +0.20 +0.07

Qwen2.5-VL-3B (Chen et al., 2025c) 0.19 0.28 0.34 0.19 0.29 0.20 0.26 0.29 0.34 0.32
+ CAFES (Ours) 0.30 0.30 0.39 0.44 0.32 0.34 0.27 0.35 0.37 0.35

Improvements +0.11 +0.02 +0.05 +0.25 +0.02 +0.13 +0.01 +0.05 +0.03 +0.03

Qwen2.5-VL-32B (Chen et al., 2025c) 0.43 0.40 0.50 0.48 0.39 0.38 0.26 0.35 0.46 0.22
+ CAFES (Ours) 0.49 0.47 0.49 0.51 0.51 0.43 0.26 0.38 0.43 0.25

Improvements +0.06 +0.07 -0.01 +0.03 +0.13 +0.05 - +0.02 -0.03 +0.03

LLaMA-3.2-Vision-11B (Dubey et al., 2024) 0.25 0.16 0.22 0.22 0.17 0.21 0.11 0.16 0.20 0.14
+ CAFES (Ours) 0.32 0.29 0.31 0.35 0.28 0.29 0.14 0.27 0.29 0.20

Improvements +0.07 +0.13 +0.10 +0.13 +0.11 +0.08 +0.02 +0.10 +0.09 +0.06

LLaMA-3.2-Vision-90B (Dubey et al., 2024) 0.40 0.29 0.38 0.40 0.30 0.32 0.21 0.30 0.35 0.16
+ CAFES (Ours) 0.45 0.42 0.43 0.46 0.44 0.39 0.25 0.33 0.37 0.22

Improvements +0.06 +0.12 +0.06 +0.06 +0.14 +0.07 +0.03 +0.03 +0.01 +0.06

Closed-Source MLLMs

Claude-3.5-Sonnet (Anthropic, 2024) 0.50 0.53 0.49 0.54 0.52 0.55 0.41 0.39 0.57 0.27
+ CAFES (Ours) 0.58 0.59 0.55 0.55 0.58 0.55 0.39 0.45 0.57 0.35

Improvements +0.08 +0.06 +0.07 +0.01 +0.06 +0.01 -0.02 +0.06 - +0.08

Gemini-2.5-Flash (DeepMind, 2025) 0.33 0.26 0.47 0.28 0.30 0.36 0.31 0.32 0.51 0.23
+ CAFES (Ours) 0.40 0.39 0.47 0.41 0.36 0.38 0.28 0.34 0.50 0.26

Improvements +0.07 +0.13 - +0.13 +0.06 +0.02 -0.03 +0.03 -0.01 +0.03

GPT-4o-mini (OpenAI, 2024) 0.51 0.34 0.48 0.64 0.38 0.50 0.37 0.55 0.45 0.24
+ CAFES (Ours) 0.51 0.50 0.52 0.57 0.54 0.49 0.37 0.44 0.48 0.28

Improvements - +0.16 +0.04 -0.07 +0.15 -0.01 - -0.11 +0.03 +0.04

Human Performance

Human performance 0.91 0.91 0.89 0.93 0.56 0.86 0.72 0.86 0.88 0.77

Table 2: QWK scores of different student MLLMs on ten multi-granular essay traits. For each MLLM, the first
row shows the baseline performance1, the second shows the final result with the CAFES framework, and the third
shows the improvement. Only positive improvements are underlined. The best results are highlighted in bold. All
values are reported after rounding to two decimal places, strictly following a consistent rounding rule.

(a) Claude-3.5-Sonnet (b) InternVL2.5-8B

Figure 5: Improvements of QWK score across all traits based on different student MLLMs.

4.3 Image Setting Analysis

CAFES framework yields greater improve-
ments in the multi-image setting across most
traits. The average QWK improvements across all
traits except OS and CH are 0.058 in single-image
settings and 0.065 in multi-image settings. This is

because MLLMs face greater difficulty in interpret-
ing complex visual inputs in multi-image settings,
which leads to more conservative scores. This con-
servative scoring provides room for adjustment,
allowing the CAFES to achieve more noticeable
improvements. Notably, these more improvements
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of QWK in multi-image settings also support the
necessity of incorporating multimodal inputs.

For traits like Organizational Structure and
Coherence, single-image topics yield greater im-
provements than multi-image topics. Unlike
most traits where multi-image topics lead to greater
improvements, OS and CH show higher QWK val-
ues in the single-image setting. Specifically, OS
reaches 0.04 in single-image compared to 0.03 in
multi-image, and CH reaches 0.05 compared to
0.02. This may be because single-image topics
contain less visual information, which lowers the
demand for essay structure and coherence in stu-
dents’ essays and makes it easier for MLLMs to
assess these traits with confidence after reflection.

4.4 Teacher MLLM Analysis

CAFES is a flexible and modular framework
that does not rely on any specific teacher MLLM.
To demonstrate this, we conducted additional exper-
iments using Qwen2.5-VL-32B as the teacher and
Qwen2.5-VL-3B as the student. CAFES achieved
an average QWK improvement of 0.10 across ten
traits, with several traits even outperforming the
teacher model itself (as shown in Table 3). More
results of other student MLLMs are available in the
Appendix B.7. These findings highlight CAFES’
ability to integrate different teacher MLLMs and
adapt to various scenarios and resource constraints
without affecting the reproducibility.

Setting AC JP OS CH EL
Before 0.26 0.29 0.34 0.34 0.32
After 0.27 0.39 0.38 0.42 0.37

Setting GA GD LA LD PA
Before 0.19 0.29 0.19 0.28 0.20
After 0.44 0.33 0.36 0.36 0.37

Table 3: QWK scores before and after applying CAFES
framework, using Qwen2.5-VL-32B as the teacher
MLLM and Qwen2.5-VL-3B as the student MLLM.

4.5 Prompt Robustness Analysis

CAFES is robust to variations in prompt struc-
ture. To further validate the robustness of the
prompt structure, we conducted an additional ex-
periment where the positions of the Task Definition
and Reference Content sections in the prompts for
the Reflective Scorer and Feedback Pool Manager
modules were swapped. This experiment was per-
formed using InternVL2.5-2B as the student model.
Notably, the average QWK remains unchanged at

0.146 before and after the prompt modification, in-
dicating that CAFES’ scoring performance is stable
even under variations in prompt structure. Detailed
results of trait-level QWK are provided in Table 4.

Setting AC JP OS CH EL
Before 0.10 0.06 0.18 0.23 0.17
After 0.12 0.08 0.13 0.18 0.17

Setting GA GD LA LD PA
Before 0.11 0.20 0.10 0.17 0.14
After 0.15 0.20 0.11 0.16 0.16

Table 4: Comparison of trait-level QWK scores before
and after swapping the Task Definition and Reference
Content sections in the prompts.

4.6 Scaling Analysis
The performance of the student MLLM consis-
tently improves with the scale of MLLM param-
eters. We observe a trend similar to the scaling law
(Kaplan et al., 2020) in our setting. As shown in
Figure 6, when the size of InternVL2.5 increases
from 2B to 26B, the average QWK score rises from
0.045 to 0.33 in the initial scoring stage. After in-
corporating CAFES framework, the performance
further improves, with the QWK increasing from
0.146 to 0.335. This result suggests that larger
MLLMs exhibit stronger alignment with human
judgment and greater reasoning ability.

Figure 6: The average QWK scores of InternVL2.5
at different parameter scales (2B, 4B, 8B, and 26B),
comparing initial baseline performance with final scores
after applying the CAFES framework.

4.7 Ablation Study
We conduct two ablation studies to test key com-
ponents of CAFES. The first study removes the
Feedback Pool Manager. The second study uses
the same MLLM for student and teacher models.

Removing the Feedback Pool Manager re-
sults in reflected scores worse than the initial
ones. In this variant, we allowed the initial scores
to be directly revised without incorporating Feed-
back Pool. To evaluate the impact, we applied
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this setup to two MLLMs as the student model:
Claude-3.5-Sonnet (closed-source) and Qwen2.5-
VL-32B (open-source). In both cases, as shown
in Figure 7, QWK scores significantly dropped af-
ter reflection when the feedback pool was omitted.
This degradation suggests that without structured,
trait-level feedback, CAFES may overemphasize
errors while neglecting strengths in the essays, lead-
ing to biased or overly critical revisions. These find-
ings reinforce the necessity of maintaining a bal-
anced feedback mechanism to support more human-
aligned and nuanced score adjustments.

Figure 7: Trait-level QWK comparisons w/ and
w/o Feedback Pool Manager for Qwen2.5-VL-32B &
Claude-3.5-Sonnet. The inner circle represents results
without the Feedback Pool Manager(w/o), and the outer
circle represents results with the Feedback Pool (w/).

Removing the teacher-student collaboration
mechanism leads to a drop in QWK. To investi-
gate the importance of this mechanism, we test two
variants of our framework: one where LLaMA-3.2-
Vision-90B serves as both the student and teacher,
and another where GPT-4o fulfills both roles. As
presented in Table 5, QWK decreases in both cases
compared to the original teacher–student configu-
ration of CAFES framework. This decline occurs
even when both roles are assigned to GPT-4o, high-
lighting that merely using a powerful model for
both positions does not guarantee optimal perfor-
mance. These findings suggest that the deliberate
role differentiation and independent reasoning be-
tween the student and teacher MLLMs are critical
for achieving effective score revisions in the cross-
agent collaborative framework.

4.8 Case Study

To demonstrate how our CAFES framework re-
vises scores through feedback and reflection, we
show an example using Claude-3.5-Sonnet as the
student MLLM (as shown in Figure 8). More exam-
ples are shown in Appendix C. The essay explains
how ethanol is produced, based on a flow chart.

MLLM Baseline w/ w/o
GPT-4o 0.54 - 0.49

LLaMA-3.2-Vision-90B 0.31 0.38 0.32

Table 5: Average QWK scores across traits for two
MLLMs (GPT-4o and LLaMA-3.2-Vision-90B), com-
paring the baseline performance (i.e., initial score), with
results obtained with (w/) and without (w/o) the pro-
posed teacher–student collaboration mechanism.

For example, we can find that the student MLLM
initially gives a low argument clarity score of 1,
while the ground truth score is 3. As mentioned in
Main Results, this is because the MLLM focuses
too much on surface-level errors and overlooks
key strengths, such as the relevant introduction
and logical structure. After receiving trait-specific
feedback from the teacher MLLM, the Reflective
Scorer revises the score upward. The final score
better matches the human judgment, showing that
targeted feedback helps correct overly harsh assess-
ments and highlight overlooked merits. This case
illustrates how the CAFES framework leverages
structured feedback and a subsequent reflection
step to refine the initial model output, leading to
better alignment with human preferences.

Figure 8: A representative case study illustrating
CAFES’ score revision process. The student MLLM is
Claude-3.5-Sonnet, and the teacher MLLM is GPT-4o.

5 Conclusion

In this work, we present CAFES, the first collab-
orative multi-agent framework for AES task. It
divides the essay scoring process into three core
stages (i.e., initial scoring, feedback generation,
and reflective revision), enabling structured collab-
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oration between three agents. Experiments across
different student MLLMs show significant QWK
improvements with CAFES framework, especially
in grammatical and lexical diversity. Ablation stud-
ies further confirm the necessity of the Feedback
Pool Manager and teacher-student collaboration
mechanism. We hope CAFES can offer a new
paradigm for building reliable and human-aligned
AES systems and encourage the community to ad-
vance more effective and accurate scoring methods.

Limitations

Despite the improvements we demonstrate in our
CAFES framework, there are still minor limita-
tions:

1. Our framework is evaluated on the Essay-
Judge dataset and achieves notable improve-
ments over baseline models. However, Essay-
Judge — the only available multimodal essay
dataset — focuses mainly on chart-based top-
ics and does not cover more complex visual
inputs such as film frames. We plan to include
a broader range of multimodal essay types in
future evaluations.

2. The reflection mechanism helps suppress hal-
lucinations from a single MLLM, such as fab-
ricated justifications or misinterpretation of
charts, but hallucination-induced scoring er-
rors still occur. In future work, we aim to
further strengthen evidence grounding.
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A More Related Work

A.1 AES Datasets

Table 6 summarizes widely used AES datasets
in terms of dataset size, number of essay topics,
modality, and trait-level annotations. Most exist-
ing datasets (e.g., ASAP, CLC-FCE, TOEFL11)
are unimodal and offer either holistic scores or a
limited number of traits, primarily focusing on text-
based prompts. Recently, EssayJudge (Su et al.,
2025) has been introduced as a multimodal bench-
mark that includes both textual and visual inputs,
covering 125 topics and annotated across ten fine-
grained scoring traits. This enables more com-
prehensive evaluation of AES systems, especially
those leveraging MLLMs.

Benchmarks Venue Size #Topics Modality #Traits

ASAPAES (Cozma et al., 2018) ACL 17,450 8 T 0
ASAP++ (Mathias and Bhattacharyya, 2018) ACL 10,696 6 T 8
CLC-FCE (Yannakoudakis et al., 2011) ACL 1,244 10 T 0
TOEFL11 (Lee et al., 2024a) EMNLP 1,100 8 T 0
ICLE (Granger et al., 2009) COLING 3,663 48 T 4
AAE (Stab and Gurevych, 2014) COLING 102 101 T 1
ICLE++ (Li and Ng, 2024c) NAACL 1,008 10 T 10
CREE (Bailey and Meurers, 2008) BEA 566 75 T 1

EssayJudge (Su et al., 2025) - 1054 125 T, I 10

Table 6: Comparison between previous AES datasets.

A.2 Multimodal Large Language Models

MLLMs have experienced rapid development in
recent years and have been widely adopted across
various domains (Yan et al., 2024a). Their core ad-
vantage lies in the ability to jointly process visual
and textual inputs to handle a range of complex
tasks (Huo et al., 2024; Yan et al., 2024c; Yan and
Lee, 2024; Dang et al., 2024; Huo et al., 2025; Chen
et al., 2025a). On the proprietary side, MLLMs
such as GPT-4o (Hurst et al., 2024) and Gemini-
1.5 (DeepMind, 2025) have demonstrated state-of-
the-art performance in multimodal reasoning, in-
struction following, and question answering tasks
(Yan et al., 2024b,a; Zheng et al., 2024; Yan et al.,
2025a). Meanwhile, open-source MLLMs have
made notable advances in terms of accessibility
and modularity. LLaVA-NEXT (Liu et al., 2024a)
employs pretrained encoders and adapters to align
vision and language representations efficiently.
Other representative MLLMs—such as Qwen2.5-
VL (Chen et al., 2025c), DeepSeek-VL (Lu et al.,
2024), InternVL (Chen et al., 2025b), Yi-VL
(Young et al., 2024), LLaMA3-VL (Dubey et al.,
2024), and MiniCPM-V (Hu et al., 2024)—have
introduced a variety of fusion mechanisms, includ-
ing visual projection heads, mixture-of-experts ar-

chitectures, and image-grounded token masking.
These MLLMs have been applied to a wide range
of domains, including education and medical diag-
nostics (Zou et al., 2024; Zhou et al., 2024; Huang
et al., 2024), showcasing the expanding scope and
depth of MLLM capabilities.

Building upon these diverse MLLMs, our pro-
posed CAFES multi-agent framework flexibly in-
corporates different MLLMs as the backbone for
each agent module, enabling collaborative interac-
tion between student and teacher MLLMs to en-
hance the accuracy and robustness of AES.

B Additional Experimental Details

B.1 Trait-Specific Rubrics

In this section, we introduce the rubrics of the 10
traits which is similar to EssayJudge. The rubrics
are detailed in Table 7 to Table 16. Each trait is
assessed using a numerical score ranging from 0 to
5. A score of 5 represents high-quality performance
with respect to the trait being evaluated, while a
score of 0 represents low-quality performance in
the same regard.

B.2 Prompt for CAFES framework

Our agent-based CAFES framework consists of
three modules—Initial Scorer, Feedback Pool Gen-
erator, and Reflective Scorer—each employing cus-
tomized prompt designs for their functional roles.
While all agents operate under a unified trait-based
rubric schema, the input structure and expected
output vary to support multi-stage evaluation. The
details are shown in Figure 9 to 11.

B.3 Model Sources

Table 17 details specific sources for the various stu-
dent MLLMs. The hyperparameters for the experi-
ments are set to their default values unless specified
otherwise.

B.4 PCC and SCC Results

In addition to the Quadratic Weighted Kappa
(QWK) metric reported in the main text, we further
conducted experiments using Pearson’s Correla-
tion Coefficient (PCC) and Spearman’s Correlation
Coefficient (SCC) as evaluation metrics to assess
the correlation between the predicted scores and
ground truth.

As shown in Table 18 and 19, the final scores
generated by our multi-agent framework exhibit
improved correlation with human ratings across
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the majority of traits, demonstrating better consis-
tency compared to the initial scores. This indicates
that the fine-grained trait optimization within our
system effectively enhances alignment with human
scoring standards.

Overall, the results show that our method
achieves a 12% average improvement in PCC and
a 9% average improvement in SCC compared to
the initial scores of single MLLMs. These findings
provide strong evidence of the robustness and gen-
eralization capability of the proposed framework.

B.5 Average Trait-Specific Score Comparison
Closed-source MLLMs tend to adopt a more rig-
orous scoring strategy compared to open-source
MLLMs. This trend is supported by both quantita-
tive and distributional evidence. First, as shown in
the Figure 12, closed-source models consistently
assign lower average scores than open-source mod-
els across most traits, regardless of whether the
scores are initial or final (Su et al., 2025; Kundu
and Barbosa, 2024). Second, Figure 13 reveals that
closed-source models exhibit slightly higher score
variance (0.81 vs. 0.79), indicating a broader and
possibly more cautious distribution of judgments.
Together, these findings suggest that closed-source
MLLMs are more aligned with rigorous rubric in-
terpretation, both when directly scoring and when
acting as student models within the CAFES frame-
work.

B.6 Additional Examples of Within- and
Across-MLLM Improvements

Beyond the examples of Claude-3.5-Sonnet and
InternVL2.5-8B presented in the main paper, addi-
tional cases support this observation, as shown in
Figure 14. These within-MLLM examples demon-
strate that traits with lower initial QWK scores tend
to benefit more from the CAFES framework.

In addition, we provide a comprehensive compar-
ison across all student MLLMs in Table 15. This
table summarizes the initial QWK scores, absolute
improvements, and relative improvements for each
model. The results confirm that student MLLMs
with weaker initial performance achieve larger rel-
ative gains after applying CAFES, highlighting
the framework’s generalizability and effectiveness
across different models.

B.7 Teacher MLLM Analysis
To further validate the flexibility and general-
izability of CAFES, as described in the main

text, we provide detailed experimental results.
Qwen2.5-VL-32B, one of the leading open-source
MLLMs, was selected to evaluate CAFES’ modu-
larity. Table 20 shows that, with InternVL2.5-2B as
the student, CAFES achieves an average QWK im-
provement of +0.17 across ten scoring traits. These
results reaffirm CAFES ’ capability to seamlessly
integrate alternative teacher MLLMs and maintain
strong performance under different configurations.

C More Essay Scoring examples

To further illustrate the effectiveness of our multi-
agent AES framework, we include several addi-
tional essay cases (as shown in Figure 16 to 18).
Each example consists of the essay topic, student’s
essays, initial scores, feedback pool, and final re-
vised scores after reflection. These examples high-
light different error types, model reasoning behav-
iors, and improvement patterns across traits.
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Score Scoring Criteria

5 The central argument is clear, and the first paragraph clearly outlines the topic of the image
and question, providing guidance with no ambiguity.

4 The central argument is clear, and the first paragraph mentions the topic of the image and
question, but the guidance is slightly lacking or the expression is somewhat vague.

3 The argument is generally clear, but the expression is vague, and it doesn’t adequately guide
the rest of the essay.

2 The argument is unclear, the description is vague or incomplete, and it doesn’t guide the essay.

1 The argument is vague, and the first paragraph fails to effectively summarize the topic of the
image or question.

0 No central argument is presented, or the essay completely deviates from the topic and image.

Table 7: Rubrics for evaluating the argument clarity of the essays.

Score Scoring Criteria

5 Transitions between sentences are natural, and logical connections flow smoothly; appropriate
use of linking words and transitional phrases.

4 Sentences are generally coherent, with some transitions slightly awkward; linking words are
used sparingly but are generally appropriate.

3 The logical connection between sentences is not smooth, with some sentences jumping or
lacking flow; linking words are used insufficiently or inappropriately.

2 Logical connections are weak, sentence connections are awkward, and linking words are
either used too little or excessively.

1 There is almost no logical connection between sentences, transitions are unnatural, and
linking words are very limited or incorrect.

0 No coherence at all, with logical confusion between sentences.

Table 8: Rubrics for evaluating the coherence of the essays.

Score Scoring Criteria

5 Word count is 150 words or more, with the content being substantial and without obvious
excess or brevity.

4 Word count is around 150 words, but slightly off (within 10 words), and the content is
complete.

3 Word count is noticeably too short or too long, and the content is not sufficiently substantial or
is somewhat lengthy.

2 Word count deviates significantly, failing to fully cover the requirements of the prompt.

1 Word count is far below the requirement, and the content is incomplete.

0 Word count is severely insufficient or excessive, making it impossible to meet the
requirements of the prompt.

Table 9: Rubrics for evaluating the essay length of the essays.
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Score Scoring Criteria

5 Sentence structure is accurate with no grammatical errors; both simple and complex sentences
are error-free.

4 Sentence structure is generally accurate, with occasional minor errors that do not affect
understanding; some errors in complex sentence structures.

3 Few grammatical errors, but more noticeable errors that affect understanding; simple
sentences are accurate, but complex sentences frequently contain errors.

2 Numerous grammatical errors, with sentence structure affecting understanding; simple
sentences are occasionally correct, but complex sentences have frequent errors.

1 A large number of grammatical errors, with sentence structure severely affecting
understanding; sentence structure is unstable, and even simple sentences contain mistakes.

0 Sentence structure is completely incorrect, nonsensical, and difficult to understand.

Table 10: Rubrics for evaluating the grammatical accuracy of the essays.

Score Scoring Criteria

5 Uses a variety of sentence structures, including both simple and complex sentences, with
flexible use of clauses and compound sentences, demonstrating rich sentence variation.

4 Generally uses a variety of sentence structures, with appropriate use of common clauses and
compound sentences. Sentence structures vary, though some sentence types lack flexibility.

3 Uses a variety of sentence structures, but with limited use of complex sentences, which often
contain errors. Sentence variation is somewhat restricted.

2 Sentence structures are simple, primarily relying on simple sentences, with occasional
attempts at complex sentences, though errors occur frequently.

1 Sentence structures are very basic, with almost no complex sentences, and even simple
sentences contain errors.

0 Only uses simple, repetitive sentences with no complex sentences, resulting in rigid sentence
structures.

Table 11: Rubrics for evaluating the grammatical diversity of the essays.
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Score Scoring Criteria

5 Fully addresses and accurately analyzes all important information in the image and prompt
(e.g., data turning points, trends); argumentation is in-depth and logically sound.

4 Addresses most of the important information in the image and prompt, with reasonable
analysis but slight shortcomings; argumentation is generally logical.

3 Addresses some important information in the image and prompt, but analysis is insufficient;
argumentation is somewhat weak.

2 Mentions a small amount of important information in the image and prompt, with simple or
incorrect analysis; there are significant logical issues in the argumentation.

1 Only briefly mentions important information in the image and prompt or makes clear
analytical errors, lacking reasonable reasoning.

0 Fails to mention key information from the image and prompt, lacks any argumentation, and is
logically incoherent.

Table 12: Rubrics for evaluating the justifying persuasiveness of the essays.

Score Scoring Criteria

5 Vocabulary is accurately chosen, with correct meanings and spelling, and minimal errors;
words are used precisely to convey the intended meaning.

4 Vocabulary is generally accurate, with occasional slight meaning errors or minor spelling
mistakes, but they do not affect overall understanding; words are fairly precise.

3 Vocabulary is mostly correct, but frequent minor errors or spelling mistakes affect some
expressions; word choice is not fully precise.

2 Vocabulary is inaccurate, with significant meaning errors and frequent spelling mistakes,
affecting understanding.

1 Vocabulary is severely incorrect, with unclear meanings and noticeable spelling errors,
making comprehension difficult.

0 Vocabulary choice and spelling are completely incorrect, and the intended meaning is unclear
or impossible to understand.

Table 13: Rubrics for evaluating the lexical accuracy of the essays.

Score Scoring Criteria

5 Vocabulary is rich and diverse, with a wide range of words used flexibly, avoiding repetition.

4 Vocabulary diversity is good, with a broad range of word choices, occasional repetition, but
overall flexible expression.

3 Vocabulary diversity is average, with some variety in word choice but limited, with frequent
repetition.

2 Vocabulary is fairly limited, with a lot of repetition and restricted word choice.

1 Vocabulary is very limited, with frequent repetition and an extremely narrow range of words.

0 Vocabulary is monotonous, with almost no variation, failing to demonstrate vocabulary
diversity.

Table 14: Rubrics for evaluating the lexical diversity of the essays.
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Score Scoring Criteria

5 The essay has a well-organized structure, with clear paragraph divisions, each focused on a
single theme. There are clear topic sentences and concluding sentences, and transitions
between paragraphs are natural.

4 The structure is generally reasonable, with fairly clear paragraph divisions, though transitions
may be somewhat awkward and some paragraphs may lack clear topic sentences.

3 The structure is somewhat disorganized, with unclear paragraph divisions, a lack of topic
sentences, or weak logical flow.

2 The structure is unclear, with improper paragraph divisions and poor logical coherence.

1 The paragraph structure is chaotic, with most paragraphs lacking clear topic sentences and
disorganized content.

0 No paragraph structure, content is jumbled, and there is a complete lack of logical
connections.

Table 15: Rubrics for evaluating the organizational structure of the essays.

Score Scoring Criteria

5 Punctuation is used correctly throughout, adhering to standard rules with no errors.

4 Punctuation is mostly correct, with occasional minor errors that do not affect understanding.

3 Punctuation is generally correct, but there are some noticeable errors that slightly affect
understanding.

2 There are frequent punctuation errors, some of which affect understanding.

1 Punctuation errors are severe, significantly affecting comprehension.

0 Punctuation is completely incorrect or barely used, severely hindering understanding.

Table 16: Rubrics for evaluating the punctuation accuracy of the essays.

Task Definition: You are an experienced English writing examiner. Please evaluate the student’s
essay by assigning a score (0-5) for each of the ten traits and a confidence level (1–10) that reflects
how certain you are about each score, where 1 is least certain and 10 is completely certain.

Rubrics: {Trait-specific corresponding rubrics}

Below is the reference content:
Image: "{image}"
Essay Topic: "{question}"
Student’s Essay: "{essay}"

Instruction: Please provide your answer in the same style and format as the example. Use the
exact trait names as shown (with proper capitalization) Return your response strictly in JSON
format without any additional text, explanations, or code block delimiters (no triple backticks).

Figure 9: Prompt for Initial Scorer.
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Task Definition: You are an experienced English writing examiner. Your task is to provide
detailed positive feedback on a student essay across ten traits: Argument Clarity, Justifying
Persuasiveness, Organizational Structure, Coherence, Essay Length, Grammatical Accuracy,
Grammatical Diversity, Lexical Accuracy, Lexical Diversity, Punctuation Accuracy.

Below is the reference content:
Image: "{image}"
Essay Topic: "{question}"
Student’s Essay: "{essay}"

Instruction: please generate your feedback dimension by dimension.Your output must be in
natural language paragraphs. Do not use JSON, code blocks, or bullet points. Start each dimension
with the tag in square brackets, for example: [Argument Clarity]
Sample Format: [Argument Clarity] The opening paragraph clearly introduces the topic of the
image and outlines the overall trend, effectively setting up the structure for later analysis.

Figure 10: Prompt for Feedback Pool Manager.

Task Definition: You are evaluating a set of essay scores originally provided by another assistant
reviewer. A detailed feedback report—including both positive and negative comments across 10
traits—is available for reference, but should not be treated as an absolute judgment. Your task is to
serve as a more careful and critical second-round reviewer. Do not assume the original scores are
correct — examine each trait carefully and revise any score that appears inaccurate or unsupported
by the essay.

Rubrics: {Trait-specific corresponding rubrics}

Below is the reference content:
Image: "{image}"
Essay Topic: "{question}"
Student’s Essay: "{essay}"
Original Scores :"{score}"
Feedback Report :"{feedback}"

Instruction: If revision is needed, return only the affected dimensions with new scores and brief
reasoning. Otherwise, confirm the original scores. Return your response strictly in JSON format
without any additional text, explanations, or code block delimiters (no triple backticks). Only raw
JSON is accepted.

Figure 11: Prompt for Reflective Scorer.
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MLLMs Source URL

InternVL2.5-2B local checkpoint https://huggingface.co/
OpenGVLab/InternVL2.5-2B

InternVL2.5-4B local checkpoint https://huggingface.co/
OpenGVLab/InternVL2-4B

InternVL2.5-8B local checkpoint https://huggingface.co/
OpenGVLab/InternVL2-8B

InternVL2.5-26B local checkpoint https://huggingface.co/
OpenGVLab/InternVL2-26B

Qwen2.5-VL-3B local checkpoint https://huggingface.co/Qwen/
Qwen2.5-VL-3B-Instruct

Qwen2.5-VL-32B local checkpoint https://huggingface.co/Qwen/
Qwen2.5-VL-32B-Instruct

LLaMA-3.2-Vision-11B local checkpoint https://huggingface.
co/meta-llama/Llama-3.
2-11B-Vision-Instruct

LLaMA-3.2-Vision-90B local checkpoint https://huggingface.
co/meta-llama/Llama-3.
2-90B-Vision-Instruct

Claude-3.5-Sonnet claude-3.5-sonnet-20241022 https://www.anthropic.com/
claude/sonnet

Gemini-2.5-Flash gemini-2.5-flash-preview-04-17 https://deepmind.google/
technologies/gemini/flash

GPT-4o-mini gpt-4o-mini-2024-07-18 https://platform.openai.com/
docs/models/gpt-4o-mini

Table 17: Sources of our evaluated MLLMs.

MLLMs Lexical Level Sentence Level Discourse Level

LA LD CH GA GD PA AC JP OS EL

InternVL2.5-8B 0.36 0.25 0.34 0.32 0.23 0.28 0.27 0.41 0.18 0.23
+ CAFES (Ours) 0.44 0.38 0.40 0.50 0.36 0.40 0.29 0.41 0.34 0.31

Qwen2.5-VL-3B 0.30 0.43 0.41 0.33 0.36 0.26 0.27 0.41 0.40 0.33
+ CAFES (Ours) 0.37 0.44 0.44 0.48 0.37 0.36 0.29 0.41 0.42 0.36

Qwen2.5-VL-32B 0.48 0.41 0.50 0.48 0.48 0.39 0.27 0.38 0.46 0.22
+ CAFES (Ours) 0.51 0.49 0.49 0.53 0.53 0.43 0.26 0.40 0.44 0.25

LLaMA-3.2-Vision-11B 0.28 0.24 0.27 0.25 0.27 0.24 0.17 0.26 0.26 0.21
+ CAFES (Ours) 0.35 0.34 0.36 0.39 0.34 0.32 0.16 0.35 0.32 0.26

LLaMA-3.2-Vision-90B 0.41 0.35 0.45 0.44 0.41 0.36 0.25 0.36 0.37 0.20
+ CAFES (Ours) 0.47 0.44 0.46 0.49 0.48 0.41 0.27 0.37 0.37 0.25

Claude-3.5-Sonnet 0.67 0.57 0.67 0.67 0.57 0.57 0.42 0.54 0.59 0.33
+ CAFES (Ours) 0.63 0.60 0.60 0.58 0.60 0.58 0.41 0.52 0.57 0.39

Gemini-2.5-Flash 0.57 0.57 0.62 0.59 0.58 0.51 0.35 0.44 0.54 0.36
+ CAFES (Ours) 0.58 0.56 0.59 0.55 0.55 0.50 0.33 0.46 0.52 0.37

GPT-4o-mini 0.57 0.40 0.54 0.64 0.50 0.50 0.38 0.55 0.50 0.29
+ CAFES (Ours) 0.53 0.52 0.53 0.59 0.55 0.49 0.37 0.46 0.49 0.32

Table 18: PCC scores of different student MLLMs on ten multi-granular essay traits. All values are reported after
rounding to two decimal places.
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MLLMs Lexical Level Sentence Level Discourse Level

LA LD CH GA GD PA AC JP OS EL

InternVL2.5-8B 0.35 0.23 0.33 0.31 0.18 0.30 0.24 0.40 0.19 0.23
+ CAFES (Ours) 0.42 0.33 0.36 0.49 0.3 0.41 0.25 0.39 0.34 0.27

Qwen2.5-VL-3B 0.29 0.42 0.38 0.31 0.34 0.24 0.23 0.38 0.39 0.31
+ CAFES (Ours) 0.35 0.42 0.38 0.46 0.34 0.35 0.25 0.34 0.41 0.31

Qwen2.5-VL-32B 0.47 0.40 0.49 0.48 0.48 0.40 0.24 0.37 0.46 0.17
+ CAFES (Ours) 0.50 0.47 0.46 0.52 0.54 0.44 0.23 0.37 0.44 0.19

LLaMA-3.2-Vision-11B 0.32 0.27 0.30 0.29 0.30 0.28 0.15 0.28 0.30 0.22
+ CAFES (Ours) 0.36 0.36 0.37 0.42 0.35 0.34 0.16 0.35 0.36 0.27

LLaMA-3.2-Vision-90B 0.41 0.36 0.43 0.45 0.41 0.37 0.22 0.33 0.34 0.16
+ CAFES (Ours) 0.45 0.44 0.42 0.48 0.48 0.41 0.21 0.32 0.35 0.22

Claude-3.5-Sonnet 0.65 0.55 0.66 0.65 0.54 0.58 0.37 0.53 0.59 0.25
+ CAFES (Ours) 0.64 0.58 0.59 0.58 0.58 0.58 0.34 0.49 0.58 0.32

Gemini-2.5-Flash 0.55 0.56 0.60 0.59 0.56 0.53 0.31 0.43 0.53 0.33
+ CAFES (Ours) 0.55 0.55 0.57 0.54 0.53 0.54 0.30 0.44 0.51 0.35

GPT-4o-mini 0.57 0.38 0.51 0.64 0.47 0.51 0.32 0.52 0.51 0.23
+ CAFES (Ours) 0.56 0.51 0.51 0.60 0.57 0.50 0.30 0.42 0.48 0.25

Table 19: SCC scores of different student MLLMs on ten multi-granular essay traits. All values are reported after
rounding to two decimal places.

Figure 12: Average trait-specific scores assigned by closed-source and open-source MLLMs at both the initial stage
and after revision through the CAFES framework.

MLLMs Lexical Level Sentence Level Discourse Level

LA LD CH GA GD PA AC JP OS EL

InternVL2.5-2B (Chen et al., 2025b) 0.04 0.06 0.07 0.02 0.08 0.05 0.03 0.01 0.05 0.04
+ CAFES (Ours) 0.25 0.23 0.28 0.26 0.19 0.27 0.16 0.18 0.22 0.08

Improvements ↑0.21 ↑0.16 ↑0.21 ↑0.24 ↑0.10 ↑0.22 ↑0.14 ↑0.17 ↑0.17 ↑0.03

Table 20: QWK improvements across ten scoring traits when using Qwen2.5-VL-32B as the teacher and
InternVL2.5-2B as the student.
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Figure 13: Score distributions of closed-source and open-source MLLMs at both the initial scoring stage and after
revision through the CAFES framework.

(a) Qwen2.5-VL-3B (b) GPT-4o-mini

Figure 14: Improvements of QWK score across all traits based on different student MLLM.

Figure 15: Improvements of average QWK score across ten traits of all student MLLMs.
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Figure 16: A case study illustrating CAFES ’s score revision process. And the student MLLM is Claude-3.5-Sonnet,
and the teacher MLLM is GPT-4o.

Figure 17: A case study illustrating CAFES ’s score revision process. And the student MLLM is GPT-4o-mini, and
the teacher MLLM is GPT-4o.
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Figure 18: A case study illustrating CAFES ’s score revision process. And the student MLLM is Qwen2.5-VL-32B,
and the teacher MLLM is GPT-4o.
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Abstract

Multimodal Large Language Models (MLLMs)
demonstrate remarkable capabilities but often
struggle with complex, multi-step mathemat-
ical reasoning, where minor errors in visual
perception or logical deduction can lead to com-
plete failure. While Process Reward Models
(PRMs) offer step-by-step supervision, exist-
ing multimodal PRMs are limited to being bi-
nary verifiers that can identify but not correct
errors, offering little explanatory power. To ad-
dress these deficiencies, we introduce the Gen-
erative Multimodal Process Reward Model
(GM-PRM), a novel paradigm that transforms
the PRM from a passive judge into an active rea-
soning collaborator. Instead of a simple scalar
score, GM-PRM provides a fine-grained, inter-
pretable analysis of each reasoning step, evalu-
ating its step intent, visual alignment, and log-
ical soundness. More critically, GM-PRM is
trained to generate a corrected version of the
first erroneous step it identifies. This unique
corrective capability enables our new test-time
inference strategy, Refined Best-of-N (Refined-
BoN). This framework actively enhances solu-
tion quality by using the PRM’s generated cor-
rection to guide the policy model toward a more
promising reasoning trajectory, thereby improv-
ing the diversity and correctness of the solution
pool. We demonstrate that GM-PRM achieves
state-of-the-art results on multiple multimodal
math benchmarks, significantly boosting pol-
icy model performance with remarkable data
efficiency, requiring only a 20K-sample train-
ing dataset. Our code will be released upon
acceptance.

1 Introduction

The advent of Multimodal Large Language Mod-
els (MLLMs) has marked a significant milestone
in artificial intelligence, demonstrating remarkable
capabilities in integrating and understanding vi-
sual and textual information (Caffagni et al., 2024;

*Corresponding author

Figure 1: Comparison among ORM (a), PRM (b), and
our proposed GM-PRM (c) for multimodal math rea-
soning.

Yan et al., 2024c; Yan and Lee, 2024; Huo et al.,
2024; Zheng et al., 2024b). While these models
excel at general-purpose tasks such as image cap-
tioning and visual question answering, they often
falter when confronted with complex, multi-step
reasoning challenges, particularly within special-
ized domains like mathematics (Wang et al., 2024;
Yan et al., 2024a, 2025a; Ahn et al., 2024). Solv-
ing multimodal mathematical problems requires
not only accurate perception of visual elements
(e.g., geometric figures, function graphs) but also
a rigorous, step-by-step logical deduction process
(Shi et al., 2024; Zhuang et al., 2025; Yan et al.,
2025b). Minor errors in either image interpreta-
tion or logical inference can cascade, leading to
entirely incorrect final answers.

To mitigate these reasoning deficiencies, Pro-
cess Reward Models (PRMs) have emerged as a
promising paradigm (Gao et al., 2024; Zhong et al.,
2025). Unlike outcome-based models that only re-
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ward correct final answers (shown in Figure 1 (a)),
PRMs provide fine-grained supervision by evalu-
ating the correctness of each intermediate step in
a reasoning chain (Zheng et al., 2024a; Lambert
et al., 2024; Yan et al., 2024b), as shown in Figure
1 (b). This approach has proven effective in the lan-
guage domain (Zeng et al., 2025; Yuan et al., 2024;
Zhang et al., 2025a). However, extending PRMs to
the multimodal context presents unique challenges
(Miao et al., 2025; Du et al., 2025; Li et al., 2025b;
Cao et al., 2025). Existing multimodal PRMs often
function as binary classifiers, assigning a simple
correct/incorrect label to each step, which offers
limited explanatory power. Furthermore, they typi-
cally possess the ability to identify errors but lack
the mechanism to correct them, leaving the reason-
ing process fundamentally broken. This limitation
constrains their utility, especially within mecha-
nisms like Best-of-N (BoN) sampling, which re-
main passive selection processes over a static set
of potentially flawed solutions.

In this work, we introduce a novel Generative
Multimodal Process Reward Model (GM-
PRM) to address these limitations, as illustrated
in Figure 1 (c). Our model transcends the role of
a simple verifier and acts as an active reasoning
collaborator. Instead of merely outputting a scalar
score, our GM-PRM leverages its generative capa-
bilities to produce a detailed, interpretable analysis
for each reasoning step. This analysis deconstructs
the step into three critical aspects: its fundamental
step intent, the correctness of its image alignment,
and the soundness of its reasoning logic. More im-
portantly, our model is trained not only to identify
errors but also to generate a refined, corrected
version of the first incorrect step it encounters.

This unique corrective capability enables us to
propose a new test-time inference strategy: the Re-
fined Best-of-N (Refined-BoN) process. This dy-
namic framework moves beyond passive selection
by actively enhancing the quality of candidate solu-
tions. When our GM-PRM identifies a flawed step
within a generated solution, it intervenes by provid-
ing a corrected step, which is then used to guide
the policy model in generating a new, more promis-
ing reasoning trajectory. This iterative refinement
process significantly improves the diversity and cor-
rectness of the solution pool, leading to a substan-
tial boost in the policy model’s problem-solving
performance. Furthermore, we demonstrate that
this powerful capability can be achieved with re-
markable data efficiency, requiring a significantly

smaller training dataset than previous approaches.
Our primary contributions are as follows:

• We develop a generative multimodal PRM that
provides fine-grained, interpretable feed-
back for mathematical reasoning. It ana-
lyzes each step’s purpose, image alignment,
and logical validity, moving beyond simple bi-
nary classification to offer deeper insight into
the model’s thought process.

• We introduce a novel Refined-BoN framework
that leverages the PRM’s generative power
to actively correct errors at test time. It en-
hances the policy model’s ability to find cor-
rect solutions by iteratively improving flawed
reasoning paths.

• We demonstrate the effectiveness and data
efficiency of GM-PRM, achieving state-of-
the-art results on multiple multimodal math
benchmarks. Our approach requires only a
20K sample dataset, highlighting the quality
of data curation and the power of generative
supervision strategy.

2 Related Work

2.1 Process Reward Models (PRMs)
PRMs have been proposed to evaluate the fine-
grained step level for model reasoning. During
the implementation process, annotating and obtain-
ing a high-quality training dataset incurs a high
cost. PRM800K (Lightman et al., 2023) is the first
process supervision dataset completely annotated
by humans. To mitigate annotation costs, Math-
Shepherd (Wang et al., 2023) proposes Monte
Carlo (MC) estimation, while OmegaPRM (Luo
et al., 2024) leverages Monte Carlo Tree Search
(MCTS) to automatically evaluate each reason-
ing step, both utilizing the generation capabili-
ties of Large Language Models (LLMs). Sub-
sequent research has enhanced the effectiveness
of PRMs through various methods, including Ver-
saPRM (Zeng et al., 2025), Implicit PRM (Yuan
et al., 2024), OpenPRM (Zhang et al., 2025a),
PQM (Li and Li, 2024), PAV (Setlur et al., 2024),
and others. Furthermore, GenRM (Zhao et al.,
2025), ThinkPRM (Khalifa et al., 2025) and R-
PRM (She et al., 2025) extend the method of us-
ing model generation analysis to evaluate steps
to PRMs. Recently, DeepSeek-GRM (Liu et al.,
2025) analyzes responses from multiple perspec-
tives and directly generates and aggregates the
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scores to achieve the estimation of the entire reason-
ing process. There are also many studies on bench-
marks of PRMs such as ProcessBench (Zheng
et al., 2024a), PRMBench (Song et al., 2025), and
Socratic-PRMBench (Li et al., 2025a).

2.2 Multimodal PRMs

After achieving certain results and progress in the
research of language modality in PRMs, research
on PRMs has also begun to shift towards multi-
modal tasks. M-STAR (Liu et al., 2024a) pro-
poses and implements multimodal PRM on mul-
timodal problems. URSA (Luo et al., 2025) con-
structs a dataset by inserting errors and utilizes it to
train a multimodal PRM. VisualPRM (Wang et al.,
2025b) not only uses MC estimation to construct a
multimodal VisualPRM400K training dataset, but
also proposes a benchmark for multimodal PRMs
called VisualProcessBench, which is entirely anno-
tated by humans. Moreover, Athena-PRM (Wang
et al., 2025a), PRM-BAS (Hu et al., 2025), MM-
PRM (Du et al., 2025) and DreamPRM (Cao et al.,
2025) also improve the capability of multimodal
PRMs. Although several studies have explored
multimodal PRMs, applying them to multimodal
tasks effectively still poses certain challenges, such
as insufficient interpretability of the labels assigned
to each reasoning step and the inability to correct
identified erroneous steps. In our work, we intro-
duce a generative multimodal PRM, GM-PRM to
solve the above problems.

3 Methodology

In this section, we first describe how to utilize
PRMs and generative PRMs combined with the
BoN method to improve the performance of policy
models for mathematical problems in Section 3.1.
Then, we introduce our process to implement multi-
modal generative PRM, including data construction
and model training in Section 3.2. Finally, we pro-
pose a novel Refined-BoN framework for PRMs to
enhance its performance beyond traditional BoN
method in Section 3.3.

3.1 PRMs for Mathematical Problem

In this section, we present the implementation
methods of PRM and GM-PRM, and provide
formal and detailed explanations of their usage
through mathematical notation.

3.1.1 Problem and Reasoning Steps
Generation

Let Q denote a mathematical problem. Firstly, an
LLM π is involved in solving the mathematical
problem Q. To facilitate reasoning, the problem
is combined with a prompt P , which includes spe-
cific instructions guiding the generation of a step-
by-step reasoning process and a final answer. This
composite input is then fed into the LLM. When
generating a response, π generates a sequence of
reasoning steps, denoted as R = {r1, r2, . . . , rT },
where T represents the total number of reason-
ing steps to the given mathematical problem. The
above process can be explained as follows:

R = π(Q ∥ P ), (1)

where ∥ denotes the concatenation of the problem
Q and the prompt P , and π(·) represents the infer-
ence process of LLM.

3.1.2 PRM

A single instance in a training dataset D to train a
PRM comprises three components: (1) a problem
statement, (2) a generated response consisting of
multiple inference steps, and (3) a corresponding
set of binary labels, each taking a value of either 0
or 1, indicating whether the associated reasoning
step is incorrect or correct, respectively.

During training, the PRM is optimized using
cross-entropy loss and supervised to align its pre-
dictions with the ground-truth labels. After being
trained, the PRM model is capable of processing
new reasoning steps generated by the LLM in re-
sponse to a given mathematical problem, which
means that the PRM is able to assign a scalar score
to each individual reasoning step, reflecting the
model’s confidence in the correctness of each step:

fPRM : (Q,R) 7→ (s1, s2, . . . , sT ), (2)

where fPRM : (·) represents the inference of PRM,
si ∈ [0, 1] denotes the confidence score assigned
to the i-th reasoning step ri, and T denotes the
number of reasoning steps.

For generative PRM, the binary labels in the
training dataset are replaced with textual analyses
and judgments, each formulated as a textual choice
such as “incorrect” or “correct”. During inference,
generative PRM also generates textual critiques
and judgments for each step.
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Figure 2: The illustration of a representative example before and after applying GM-PRM. In particular, GM-PRM
first judges the steps of the original solution generated by the policy model. Subsequently, GM-PRM finds that the
second step is incorrect and refines the second step to generate the correct version. The correct steps are input to the
policy model to generate the refined solution, and finally the correct answer is obtained.

3.1.3 GM-PRM
By extending generative PRMs from the textual
modality to a multimodal setting, we introduce
GM-PRM. In this setting, mathematical problems
are represented using both textual and visual infor-
mation. The input to the policy model comprises
the image of the problem, its textual description
and task-specific instructions, which are processed
jointly to generate reasoning steps. Similarly, dur-
ing both training and inference, it is essential to
provide GM-PRM with inputs from both visual
and textual modalities, enabling it to perform cross-
modal analysis when assigning correctness labels
to each reasoning step:

fGM-PRM : (Q, I,R) 7→ (c1, j1, . . . , cT , jT ), (3)

where fGM-PRM : (·) represents the inference of
GM-PRM, I denotes the image of the mathemati-
cal problem, ci denotes the critique of the i-th rea-
soning step ri, and ji denotes the textual judgment
assigned to the i-th reasoning step ri.

3.2 Data Construction
In this section, we present our methodology em-
ployed to construct the training data for GM-PRM.
The process consists of three key stages: (1) the se-
lection of appropriate types and quantities of ques-
tion data from the VisualPRM400K dataset (Wang
et al., 2025b); (2) the generation of textual analy-
sis and judgment data using GPT-4o; and (3) the
filtering process of the generated data through MC
estimation and LLM-as-a-judge techniques to en-
sure quality and reliability.

3.2.1 Data Selection
VisualPRM400K is a large-scale dataset contain-
ing approximately 400,000 multimodal process su-
pervision samples. In our work, we select plane
geometry- and function-related problems from Vi-
sualPRM400K to construct a specialized subset and
supplement it with corresponding textual analysis
for training GM-PRM. This targeted subset with
textual critiques supports the effective training of
GM-PRM, yielding strong performance on geo-
metric and function-based mathematical reasoning
tasks.

3.2.2 Generation of Analysis and Judgment
To obtain textual analyses and judgments, we em-
ploy GPT-4o to critique each reasoning step from
4 key aspects: step intent, image alignment, rea-
soning logic, and step refinement.

The aspect of step intent indicates identifying
the purpose of each reasoning step. This initial
analysis establishes a foundation that allows GM-
PRM to interpret and evaluate each reasoning step
in context more effectively. Furthermore, this level
of understanding facilitates subsequent error detec-
tion and correction tasks, thereby enhancing the
overall effectiveness of GM-PRM.

The second aspect is image alignment. When
MLLMs are used for inference in solving multi-
modal problems, MLLMs often make errors in im-
age alignment, such as misidentifying parallel re-
lationships or incorrectly annotating angles, which
leads to flawed solutions. To address this, we em-
ploy GPT-4o to produce textual analysis and judg-
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ments in image alignment for inference steps, to
form the dataset for training GM-PRM.

Reasoning logic is an indispensable presence
in the step-by-step problem-solving process of
MLLMs. However, the occurrences of logical in-
consistencies and errors, such as miscalculations
and incorrect inferences significantly impact the
correctness of the reasoning steps and the final an-
swers. Therefore, it is crucial for GM-PRM to
be capable of identifying such logical flaws and
making accurate judgments regarding the validity
of the reasoning logic for each step. In our work,
we employ GPT-4o to generate textual analysis
and judgments of each step in reasoning logic to
form the training dataset. The above process can
be formulated as follows:

F : (Q, I,R ∥ P ) 7→ {SIi, IAi, RLi, FJi}ti=1,
(4)

where F : (·) represents the inference of GPT-
4o, SIi denotes the textual analysis of step in-
tent for the i-th reasoning step, t denotes the
number of the first incorrect step or the last step,
1 ⩽ t ⩽ T , IAi = {IACi, IAJi} is the anal-
ysis which contains critique IACi and judgment
IAJi in image alignment of the i-th reasoning step,
RLi = {RLCi, RLJi} denotes the analysis which
contains critique RLCi and judgment RLJi in rea-
soning logic of the i-th reasoning step, FJi denotes
the final judgment of the i-th reasoning step.

Building on aforementioned three aspects, we
further aim for GM-PRM to correct the first iden-
tified erroneous step. The above information en-
ables GM-PRM to generate corrected reasoning
steps that are logically coherent, visually accurate,
and semantically aligned with the original step in-
tent. The resulting corrected steps can then be used
to construct more diverse and accurate inference
solutions and ultimately produce more reliable fi-
nal answers. In our work, we employ GPT-4o to
generate a corrected version of the first identified
error step in a reasoning process if the first error
step is detected to exist by GPT-4o:

F : (Q, I,R ∥ P ) 7→
{
RS, if incorrect step exists,
∅, otherwise.

(5)
whereRS denotes refined step of the first error step
in a reasoning process.

In summary, we design a structured prompt for
GPT-4o to generate comprehensive analysis data
across four dimensions based on the provided prob-

lems, associated images, and step-by-step solu-
tions:

F : (Q, I,R ∥ P ) 7→ D, (6)

where D denotes the generated training dataset:

D = {({SIki , IAk
i , RL

k
i , FJ

k
i }ti=1, RS

k)}Kk=1,
(7)

where k ∈ {1, 2, . . . ,K} represents the k-th sam-
ple in the dataset, and K denotes the number of the
training instances.

3.2.3 Data Filtering
The process of constructing training data using
GPT-4o can be regarded as an implementation of
LLM-as-a-judge methodology. Inspired by the
combination of LLM-as-a-judge and MC estima-
tion techniques (Zhang et al., 2025b), we employ
the MC estimation technique proposed by Math-
Shepherd (Wang et al., 2023) to effectively filter
and curate the generated data.

Monte Carlo estimation is a strategy for auto-
mated annotation that leverages LLMs or MLLMs
to generate multiple subsequent solutions for each
step. When applying MC estimation to evaluate a
step ri, we use an LLM or an MLLM as a ‘com-
pleter’ to finalize multiple subsequent reasoning
processes from this step:

fcompleter 7→ {(rji+1, . . . , r
j
Lj
, aj)}mj=1, (8)

where aj is the final answer of the j-th finalized
solution and Lj is the total number of steps.

Within MC estimation, one type of evaluation
method is commonly applied: hard estimation. In
hard estimation, a step ri is deemed correct if at
least one subsequent solution reaches the correct
final answer a∗; otherwise, it is incorrect:

lHE
i =

{
1, ∃aj , aj = a∗,

0, otherwise.
(9)

In our data construction process, we employ hard
estimation to label the correctness of individual
reasoning steps. By integrating LLM-as-a-judge
technique and MC estimation, we compare the la-
bels acquired by MC estimation and judgments
generated by GPT-4o. Data samples that receive
consistent evaluations from both methods are se-
lected as our final training dataset. By integrating
these two methods, we aim to further enhance the
reliability and quality of the training data, ensuring
better performance of GM-PRM.
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3.3 Refined-BoN Process

When applying Test-time Scaling (TTS) for LLMs
and MLLMs, a widely adopted method is Best-of-
N (BoN) approach. In the BoN process, a policy
model is employed to generate N candidate solu-
tions, which are then evaluated by reward models
or self-consistency to select the optimal solution.
However, during the BoN process, policy mod-
els are under identical prompting conditions when
generating multiple solutions, which leads to the
problem that the solutions often lack diversity and
may exhibit limited correctness. In our work, we
propose a novel Refined-BoN framework utilizing
TTS techniques to enhance the diversity and accu-
racy of generated solutions, thereby improving the
reasoning capabilities of policy models.

3.3.1 Refined-BoN Method
As shown in Figure 2, in Refined-BoN process, we
first employ an MLLM as the policy model to gen-
erateN/2 initial solutions to a multimodal problem,
and then these solutions are evaluated step-by-step
by GM-PRM. For the subsequent N/2 solutions,
the policy model generates them under varying con-
ditions, informed by the evaluation of the preceding
N/2 solutions: If GM-PRM identifies an incorrect
reasoning step within a solution, it stops evaluating
and refines the first erroneous step by generating a
corrected version. This corrected step, along with
all previously validated correct steps, is then input
back into the policy model to continue the solution
generation process. Conversely, if GM-PRM de-
termines that all steps in a particular solution are
correct, we employ the policy model to generate a
new solution using the same prompt. Through this
regeneration mechanism, we obtain the additional
N/2 solutions. Then, we employ GM-PRM to
evaluate the subsequent N/2 solutions.

3.3.2 Solution Selection
After applying the Refined-BoN process, we obtain
N solutions for each problem, each accompanied
by step-level correctness judgments. Moreover, we
divide all the solutions into two categories: one
where GM-PRM judges that it contains incorrect
steps, and the other where GM-PRM judges that
all its steps are correct. Furthermore, we take the
corresponding probability of GM-PRM generating
the associated “Correct” and “Incorrect” tokens as
the score of each step.

Among the N generated solutions, if there exist
solutions in which all reasoning steps are judged

correct, we calculate the average of the scores of all
steps in these solutions as the overall score of the
solution, and select the solution with the highest
average score as the optimal solution.

For N solutions to the problem, if GM-PRM
determines that all N solutions contain incorrect
steps, we calculate the average score of all steps
in each solution as the overall score of the solu-
tion, and select the solution with the highest overall
score as the final answer.

4 Experiments

In this section, we introduce our experimental setup
to assess GM-PRM under the Refined-BoN pro-
cess on five multimodal mathematical benchmarks
in Section 4.1. In addition, we present the results
of our experiments and three conclusions analyzed
from the results in Section 4.2. Finally, we show
the ablation studies in Section 4.3.

4.1 Experimental Setup
4.1.1 Benchmarks
We evaluate GM-PRM across five datasets, includ-
ing MathVista (Lu et al., 2023), MathVision (Wang
et al., 2024), MathVerse (Zhang et al., 2024), Dy-
naMath (Zou et al., 2024) and WeMath (Qiao et al.,
2024). The datasets contain diverse problem types,
such as plane geometry, functions, puzzle tests, etc.
We use Vision-Only subset of MathVerse dataset
and Plane-Geometry subset of DynaMath.

4.1.2 Settings
We employ GM-PRM as the critic model for
Refined-BoN evaluation and set N to 8 by default.
We select six models as the policy models to gener-
ate step-by-step reasoning processes. When reason-
ing, we set the temperature of the policy models to
0.7 and top-p to 0.9. For comparison, we use the
average accuracy of N sets of answers generated
by policy models as baselines.

4.1.3 Training Details
To train GM-PRM, we use Qwen2.5-VL-7B-
Instruct as our base model and perform supervised
fine-tuning (SFT) with all parameters trainable but
the frozen Vision Transformer (ViT) encoder. Dur-
ing the training process, we utilize bfloat16 mixed-
precision and DeepSpeed with zero3 technology
and set the training consists of 2 epochs. For batch
size, the batch size on each training device is set to
2, and through gradient accumulation, the effective
batch size is extended to 16. Moreover, we use two
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MLLMs MathVista MathVision MathVerse DynaMath WeMath Average

MiniCPM-V2.6-8B 44.3 16.0 18.9 22.6 38.6 28.1
+ GM-PRM (Ours) 51.0 18.1 24.4 25.7 51.0 34.0

Improvements +6.7 +2.1 +5.5 +3.1 +12.4 +5.9

Llama-3.2-11B-Vision 44.5 14.3 16.5 28.4 46.1 30.0
+ GM-PRM (Ours) 49.5 18.2 18.8 32.7 53.4 34.5

Improvements +5.0 +3.9 +2.3 +4.3 +7.3 +4.5

Qwen2.5-VL-7B 63.2 25.1 32.8 35.0 60.6 43.3
+ GM-PRM (Ours) 65.0 28.2 37.4 39.2 69.0 47.8

Improvements +1.8 +3.1 +4.6 +4.2 +8.4 +4.5

InternVL3-8B 50.6 20.3 25.0 27.0 50.9 34.8
+ GM-PRM (Ours) 55.7 22.2 31.7 33.4 59.2 40.4

Improvements +5.1 +1.9 +6.7 +6.4 +8.3 +5.6

InternVL3-38B 68.3 34.9 37.8 40.1 66.4 49.5
+ GM-PRM (Ours) 69.9 37.0 39.1 43.1 72.9 52.4

Improvements +1.6 +2.1 +1.3 +3.0 +6.5 +2.9

InternVL3-78B 68.0 34.6 36.0 38.1 65.7 48.5
+ GM-PRM (Ours) 70.7 37.1 40.6 39.9 72.2 52.1

Improvements +2.7 +2.5 +4.6 +1.8 +6.5 +3.6

Table 1: Percentage accuracy scores (%) of multiple MLLMs across five datasets. For each MLLM, the first
row shows the baseline, the second shows the final result with GM-PRM, and the third shows the improvement.
Only positive improvements are underlined. The best results are highlighted in bold. All values are reported after
rounding to one decimal place.

A800 GPUs to train GM-PRM, and the AdamW
optimizer is used with an initial learning rate of
1 × 10−5. The learning rate schedule involves a
linear warm-up with the warm-up ratio equal to
0.05 followed by linear decay.

4.2 Main Results

As shown in Table 1, integrating GM-PRM with
the Refined-BoN process consistently improves per-
formance across five different benchmark datasets
for six different MLLMs. On average, our method
yields notable accuracy gains, with improvements
of +5.9 for MiniCPM-V2.6-8B, +4.5 for Llama-3.2-
11B-Vision, +4.5 for Qwen2.5-VL-7B, and +5.6
for InternVL3-8B.

A closer look at dataset-level results reveals that
the improvements are not uniform. The WeMath
benchmark shows the most significant enhance-
ment, with MiniCPM-V2.6-8B improving by +12.4
points, highlighting the ability of our method to
strengthen mathematical reasoning on challenging
problems. Similarly, MathVerse and DynaMath
exhibit consistent gains of +4.5–6.7 points across
multiple models, suggesting that our approach par-
ticularly benefits datasets requiring complex sym-
bolic manipulation and multi-step reasoning. In
contrast, MathVision improvements are more mod-
est (+1.9–3.9), indicating that the visual reasoning
component may already be relatively strong in base-
line models.

GM-PRM combined with the Refined-BoN
process demonstrates strong generalization
across diverse multimodal mathematical prob-
lems, with particularly remarkable gains in
plane geometry tasks. As illustrated in Figure
4, even after excluding plane geometry and func-
tion problems, policy models still achieve notable
improvements across the datasets. This indicates
that although GM-PRM is primarily trained on
a dataset composed of plane geometry and func-
tion problems, it generalizes effectively to other
types of multimodal mathematical problems. More-
over, as shown by the averaged results in Figure
4, the improvements achieved by GM-PRM with
Refined-BoN on plane geometry problems consis-
tently exceed those on the overall dataset, function
problems, and other categories, underscoring the
exceptional effectiveness of our method in tackling
plane geometry tasks.

The Refined-BoN process yields dispropor-
tionately larger gains for models with lower
baseline performance. As shown in Table 1,
InternVL3-38B starts with the highest initial av-
erage accuracy among all policy models (49.5%)
and achieves a modest improvement of +2.9 points
(+5.9%). In contrast, Qwen2.5-VL-7B, which has
the highest baseline accuracy (43.3%) among mod-
els with fewer than 12 billion parameters, improves
by +4.5 points (+10.4%), surpassing the relative
gains of InternVL3-38B. Notably, MiniCPM-V-2.6-
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(a) MiniCPM-V-2.6-8B (b) Qwen2.5-VL-7B (c) InternVL3-78B

Figure 3: The results of changing the value of N in the Refined-BoN process on the WeMath across different
policies. As N increases, the effectiveness of GM-PRM in enhancing accuracy improves and surpasses that of
Self-Consistency.

Figure 4: Improvements of the average percentage accu-
racy (%) of multiple MLLMs across different question
types in MathVista, MathVision and MathVerse.

8B demonstrates the most significant relative im-
provement, achieving +5.9 points (+21.0%), de-
spite its lower initial score. These results suggest
that models with weaker baseline performance ben-
efit more from the refinement mechanism of GM-
PRM with Refined-BoN, likely because the pro-
cess effectively corrects errors in reasoning steps,
leaving greater room for improvement.

4.3 Number of solution samples N in
Refined-BoN

Following Test-time Scaling technique, we vary the
number of N in the Refined-BoN process to evalu-
ate the performance of GM-PRM in comparison
to the Self-Consistency baseline.

Figure 3 depicts WeMath accuracy as the
number of sampled solutions per problem (N )
increases from 1 to 8. Across all three backbones—
MiniCPM-V-2.6-8B, Qwen2.5-VL-7B, and
InternVL3-78B—both GM-PRM and the
Self-Consistency (SC) baseline benefit from a
larger sampling budget, yet GM-PRM exhibits a
noticeably steeper growth curve.

Under the widely adopted Best-of-8 setting, GM-
PRM delivers gains of 4.9 and 3.5 over SC on

MiniCPM-V-2.6-8B and Qwen2.5-VL-7B, respec-
tively. Even for the 78B-parameter InternVL3,
GM-PRM maintains a substantial 4.1 margin.
These results indicate that the proposed refine-
ment strategy in this paper not only scales to
larger models but also converts additional candi-
date solutions into accuracy more effectively than
Self-Consistency, thereby underscoring the robust-
ness and versatility of GM-PRM.

Furthermore, for MiniCPM-V-2.6-8B, GM-
PRM surpasses the self-consistency baseline by
2.1, 2.2, and 4.9 points under the Best-of-4, Best-
of-6, and Best-of-8 settings, respectively, indicat-
ing a steadily increasing performance gap between
GM-PRM and self-consistency as N increases.

5 Conclusion

In this work, we introduced GM-PRM, a novel
paradigm that transforms the reward model from
a passive judge into an active reasoning collabora-
tor for multimodal mathematics problem solving.
By providing fine-grained, interpretable analysis
and, more critically, generating step-level correc-
tions for erroneous steps, GM-PRM moves beyond
simple binary verification. This unique corrective
capability powers our Refined Best-of-N (Refined-
BoN) framework, which actively improves flawed
reasoning trajectories during inference at test time.
Our experiments demonstrate that this approach
achieves state-of-the-art results on multiple bench-
marks, significantly boosting policy model perfor-
mance with remarkable data efficiency. The consis-
tent gains across diverse models and problem types
underscore the robustness and generalizability of
our method. This shift from passive error detection
to generative, collaborative correction represents a
crucial advance in multimodal reasoning.
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Limitations

Our approach has several limitations that are im-
portant to note. First, GM-PRM is trained on a
curated subset of VisualPRM400K focusing primar-
ily on plane geometry and function-related prob-
lems. Although we observe encouraging transfer
to other categories (e.g., Figure 4), performance
may degrade under larger domain shifts such as
puzzle-style questions, diagram-heavy word prob-
lems, or open-ended proof-like reasoning that re-
quires global restructuring rather than local step
repair. Second, our training signals depend on GPT-
4o-generated analyses/refinements and are further
filtered using hard Monte Carlo (MC) estimation;
both components can introduce systematic label
noise and biases (e.g., overconfidence on visually
ambiguous cues or preference for certain solution
styles), which may be inherited by GM-PRM. Fi-
nally, our refinement mechanism corrects only the
first detected erroneous step; when errors are en-
tangled across multiple steps, or when fixing one
step necessitates revising earlier assumptions or
downstream derivations, the refinement may be in-
sufficient and can occasionally yield plausible but
incorrect corrections. In addition, we freeze the
ViT encoder during SFT, which may limit gains on
inputs where stronger low-level visual perception
is the primary bottleneck.
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A Appendix

A.1 More Related Work

A.1.1 Multimodal Large Language Models
(MLLMs)

The advancement of artificial intelligence has ad-
vanced the development of Multimodal Large Lan-
guage Models (MLLMs). MLLMs extend the ca-
pabilities of language-centric models by integrat-
ing multiple sensory inputs, primarily visual and
auditory, with text. Unlike traditional Large Lan-
guage Models (LLMs) which process solely tex-
tual data, MLLMs are designed to perceive and
reason across modalities such as vision and lan-
guage, thereby achieving the fusion and interaction
of multimodal information. The development of
MLLMs has been driven by extensive efforts, in-
cluding enhancements across model structure and
data curation. In terms of model structure, multi-
ple studies (Bai et al., 2025; Liu et al., 2023; Yao
et al., 2024) achieve notable performance through
a method that utilizing connectors to align the em-
beddings of vision from Vision Foundation Models
(VFMs) (Chen et al., 2024) with the latent space of
LLMs (Bai et al., 2023; Touvron et al., 2023a,b).
Alternatively, another line of research (Grattafiori
et al., 2024; Tian et al., 2024) enhances pre-trained

LLMs by adding supplementary layers to integrate
visual features, which reduces the number of vi-
sual tokens but incurs additional training costs.
Regarding dataset curation, recent research has
achieved substantial advancements. Specifically,
MultimodalC4 (Zhu et al., 2023) extends C4 corpus
containing only text with images and constructs a
corpus that supports pre-training for MLLMs. Fur-
thermore, OmniCorpus (Li et al., 2024) delivers a
large-scale yet noisy multimodal dataset suitable
for pre-training, and MMInstruct (Liu et al., 2024b)
presents an open-source collection of high-quality
data designed for instruction tuning. The majority
of research efforts have been concentrated on the
training processes of MLLMs, leaving significant
room for exploration in Test-Time Scaling (TTS)
technique. In our work, we investigate the poten-
tial of enhancing the performance of MLLMs by
incorporating Process Reward Model (PRM) into
the TTS framework.

A.2 More Ablation Study
A.2.1 Methods for aggregating step scores
For PRMs, the method used to aggregate step
scores into an overall solution score plays a criti-
cal role. In this part, we compare several different
aggregation strategies, including averaging step
scores, selecting the maximum step score, and se-
lecting the minimum step score. Since step-by-step
solutions that contain steps judged incorrect are
often not evaluated or scored for all steps, this ex-
periment focuses exclusively on solutions where
all steps are judged correct.

Figure 5: Average percentage accuracy (%) of MLLMs
via different aggregation methods across five datasets.

The results are illustrated in the Figure 5. Across
all policy models and datasets, we find that both
averaging the step scores and selecting the mini-
mum score significantly outperform the strategy of
selecting the maximum score. This suggests that
either the average or the minimum score provides
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a more accurate reflection of the overall quality of
a solution than the maximum score. Between the
minimum and average aggregation methods, we ob-
serve that averaging performs slightly better. This
improvement may stem from the fact that the av-
erage score takes into account all problem-solving
steps, providing a more comprehensive evaluation,
whereas the minimum score reflects only the step
with the lowest score and thus offers a less holistic
assessment.

A.2.2 Refined-BoN vs. BoN
The Refined-BoN process aims to enhance the di-
versity of N candidate solutions by refining the
steps judged incorrect and integrating the refined
steps with the steps judged correct into the prompt
for the policy models. In this part, we use the
Pass@k metric to evaluate the diversity and accu-
racy of policy models in generating multiple solu-
tions to the given problems.

The results are summarized in the Table 2. Over-
all, the Refined-BoN process improves Pass@8
scores compared to the standard BoN process
across multiple policy models and five benchmark
datasets. Specifically, it increases the average
Pass@8 values of MiniCPM-V-2.6-8B, Llama-3.2-
11B-Vision, and InternVL3-8B by 0.9, 1.3, and 0.9
points, respectively, across the five datasets, demon-
strating the effectiveness of the Refined-BoN ap-
proach in enhancing the diversity and correctness
of the generated solutions.

MLLMs BoN Refined-BoN Diff.
MiniCPM-V-2.6-8B 62.5 63.4 +0.9
Llama-3.2-11B-Vision 62.7 64.0 +1.3
InternVL3-8B 65.3 66.2 +0.9

Table 2: Average percentage Pass@8 scores of BoN and
Refined-BoN across five datasets for different models.

A.3 Benchmark

We provide more details about the Refined-BoN
test benchmarks in Table 3:

Benchmarks Split # Sample
DynaMath Plane Geometry 770
MathVerse Vision-Only 788
MathVista Testmini 1000
WeMath Testmini 1740
MathVision Full 3040

Table 3: More details about the Refined-BoN test bench-
marks.

A.4 Dataset
To ensure a balanced distribution of process labels,
we carefully construct the training dataset. The fi-
nal dataset used to train GM-PRM contains 19,614
samples in total, comprising 9,061 solutions that
contain incorrect steps—as jointly identified by
GPT-4o and Monte Carlo (MC) estimation—and
10,553 solutions in which all steps are judged to be
correct.

A.5 Prompt
In this section, we introduce the prompts used to
construct the training dataset and generate the rea-
soning processes and final answers. The prompt we
guide the policy models to generate reasoning pro-
cesses and final answers of multi-choice problems
is represented in Figure 6.

Figure 6: Prompt for policy models to generate reason-
ing and final answers of multi-choice problem.

The prompt we guide the policy models to gen-
erate reasoning processes and final answers of free-
form problems is represented in Figure 7.

Figure 7: Prompt for policy models to generate reason-
ing and final answers of free-form problem.

The prompt we use to employ GPT-4o to gener-
ate the training dataset is shown in Figure 8.

A.6 More Cases
We collect 2 more cases of GM-PRM and the
Refined-BoN process illustrated in Figure 9 and
10.
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Figure 8: Prompt for GPT-4o to construct training dataset.
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Figure 9: The illustration of a representative example before and after applying GM-PRM. In particular, GM-PRM
first judges the steps of the original solution generated by the policy model. Subsequently, GM-PRM finds that the
fourth step is incorrect regarding reasoning logic and refines the fourth step to generate the correct version. The
correct steps are input to the policy model to generate the refined solution, and finally the correct answer is obtained.
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Figure 10: The illustration of a representative example before and after applying GM-PRM. In particular, GM-PRM
first judges the steps of the original solution generated by the policy model. Subsequently, GM-PRM finds that the
fourth step is incorrect regarding reasoning logic and refines the fourth step to generate the correct version. The
correct steps are input to the policy model to generate the refined solution, and finally the correct answer is obtained.
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Abstract

Visual grounding in graphical user interface
(GUI) requires accurate localization of UI ele-
ments from natural language instructions. Con-
ventional coordinate generation approaches
face inherent limitations, including sensitiv-
ity to resolution variations and lack of inter-
pretability. Recently, coordinate-free attention-
based methods have emerged as a promising
alternative, but these methods primarily rely
on spatial location signals from ground-truth
bounding boxes to supervise attention, with
limited mechanisms to explicitly verify that
the learned attention distributions reflect gen-
uine semantic correspondence between the in-
struction and the attended visual regions. We
propose Attention Cycle-Consistency (ACC), a
self-supervised regularization framework that
enforces bidirectional alignment between vi-
sual attention and instruction semantics. ACC
introduces two complementary constraints: se-
mantic consistency, which ensures attended vi-
sual regions contain sufficient information to
reconstruct the original instruction, and spatial
consistency, which requires attention distribu-
tions to remain invariant when cycled through
instruction reconstruction. We further incorpo-
rate entropy regularization to encourage spa-
tially concentrated attention. ACC is applica-
ble as a lightweight, model-agnostic regularizer
for attention-based coordinate-free grounding
methods, adding zero computational overhead
at inference as all auxiliary components are
discarded after training.

1 Introduction

Graphical user interfaces (GUIs) are the primary ab-
straction through which users operate modern soft-
ware. Building agents that follow natural-language
instructions and act directly on pixels offers a uni-
fied interface across heterogeneous platforms, with-
out requiring structured representations such as
DOM trees or accessibility graphs that can be in-
complete or unavailable (Xie et al., 2024; Cheng

et al., 2024). Recent evaluations suggest that over-
all agent success is frequently constrained by fail-
ures at the perception-to-action boundary, where
models must identify the correct on-screen tar-
get (Xie et al., 2024). This bottleneck is natu-
rally formalized as GUI visual grounding: given
a screenshot and an instruction, predict the action-
able UI element.

A prevalent modeling choice casts GUI ground-
ing as coordinate generation, where models directly
produce a click point or bounding box (Cheng et al.,
2024; Gou et al., 2024; Wu et al., 2024). While co-
ordinates provide a convenient execution interface,
this formulation has structural limitations: per-
formance degrades on high-resolution screenshots
where targets are small and densely surrounded by
distractors (Li et al., 2025), supervision is ambigu-
ous since multiple points within an element are
valid, and coordinate outputs offer limited diagnos-
tic value when failures occur (Wu et al., 2025).

These weaknesses have motivated coordinate-
free, attention-based formulations that predict dis-
tributions over visual patch tokens (Wu et al., 2025;
Zhou et al., 2025). However, attention visualiza-
tion alone does not guarantee semantic grounding.
When attention is primarily trained with spatial tar-
gets, the resulting distributions may still reflect spu-
rious correlations rather than genuine instruction-
element correspondence. This concern aligns with
findings that attention weights can be weakly cou-
pled to model decisions (Jain and Wallace, 2019;
Wiegreffe and Pinter, 2019). For GUI grounding,
spurious attention is particularly damaging: inter-
faces vary widely across applications and platforms,
so shortcut alignment to superficial cues is unlikely
to transfer to unseen software or professional con-
texts.

We propose Attention Cycle-Consistency (ACC),
a lightweight regularization framework that directly
validates whether attention patterns encode the
intended semantics. The core insight is that se-
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mantically grounded attention should be recover-
able: if attention truly captures instruction intent,
attended regions should contain sufficient infor-
mation to reconstruct the original instruction, and
re-attending with the reconstruction should yield
the same spatial distribution. ACC operationalizes
this through two complementary losses. Seman-
tic consistency requires attended visual content to
reconstruct the instruction, enforcing that atten-
tion selects information-dense regions rather than
spuriously correlated patches. Spatial consistency
closes the loop: the reconstructed instruction must
re-induce the original attention distribution, with
deviations providing fine-grained self-supervision.
We further incorporate entropy regularization to
encourage spatially concentrated attention.

ACC is model-agnostic, requires no annotations
beyond existing training data, and integrates with
coordinate-free attention heads as a regularizer.
Crucially, all auxiliary components are discarded
after training, adding zero computational overhead
at inference. We validate ACC on three bench-
marks including ScreenSpot-Pro, which specifi-
cally tests grounding in high-resolution profes-
sional interfaces where existing methods show sig-
nificant degradation.

In summary, this work makes the following con-
tributions:

• We introduce ACC, a self-supervised atten-
tion regularizer that enforces semantic and
spatial cycle-consistency for GUI grounding,
providing a principled mechanism to validate
instruction-element correspondence without
additional annotations.

• We design ACC as a plug-and-play regular-
izer applicable to coordinate-free grounding
architectures, with zero inference overhead
since all auxiliary components are discarded
after training.

• We conduct extensive experiments on three
GUI grounding benchmarks, demonstrating
that ACC consistently improves existing
methods across diverse settings, with notable
gains on challenging high-resolution profes-
sional interfaces.

2 Related Work

2.1 GUI Grounding
GUI grounding has recently emerged as a core
bottleneck for computer-use agents operating di-

rectly on pixels (Xie et al., 2024). A dominant
paradigm formulates grounding as coordinate re-
gression, where models directly predict click points
or bounding boxes in continuous screen space,
such as SeeClick, UGround, OS-Atlas, and Aria-
UI (Cheng et al., 2024; Gou et al., 2024; Wu et al.,
2024; Yang et al., 2025). While practical for exe-
cution, coordinate-based methods suffer from reso-
lution sensitivity, supervision ambiguity (multiple
valid click points within a region), and limited in-
terpretability when failures occur (Wu et al., 2025;
Li et al., 2025).

More recently, coordinate-free approaches pre-
dict attention distributions over visual patch tokens
instead of explicit coordinates. Methods such as
GUI-Actor and GUI-AIMA align instruction se-
mantics with visual tokens through attention-based
matching, producing interpretable heatmaps and
improved robustness across resolutions and lay-
outs (Wu et al., 2025; Zhou et al., 2025). In partic-
ular, GUI-AIMA aligns intrinsic multimodal atten-
tion with patch-level grounding signals through a
context anchor, moving beyond purely spatial su-
pervision (Zhou et al., 2025). A complementary
direction explores adaptive exploration policies
that encourage semantic alignment during ground-
ing (Liu et al., 2026). Additionally, intrinsic atten-
tion extraction from pretrained multimodal large
language models has demonstrated that attention
maps can serve as grounding signals without ex-
plicit coordinate regression (Xu et al., 2025). In
concurrent work, attention-based GUI grounding
has been enhanced through multimodal fusion with
OCR-derived textual cues and icon-level caption
semantics (Ma et al., 2026).

Despite these advances, existing coordinate-free
methods primarily rely on spatial location signals
from ground-truth bounding boxes when super-
vising attention, and they do not provide an ex-
plicit mechanism to verify that the learned atten-
tion reflects genuine semantic correspondence be-
tween instructions and visual regions. This be-
comes particularly challenging in high-resolution
professional environments where existing ground-
ing models show significant performance degrada-
tion (Xie et al., 2024; Li et al., 2025). Our work
complements these directions by regularizing atten-
tion recoverability via cycle-consistency, providing
a closed-loop verification signal that is orthogonal
to richer alignment cues.
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2.2 Attention Faithfulness and
Reconstruction-Based Alignment

The interpretability and faithfulness of attention
mechanisms have been widely debated. Jain and
Wallace (Jain and Wallace, 2019) and Serrano and
Smith (Serrano and Smith, 2019) show that atten-
tion weights can be weakly correlated with fea-
ture importance and can sometimes be altered with
limited impact on predictions. Wiegreffe and Pin-
ter (Wiegreffe and Pinter, 2019) further argue that
attention faithfulness depends on evaluation de-
sign, while evidence from vision-language tasks
demonstrates divergence between model attention
and human reasoning (Das et al., 2017). These
findings suggest that attention distributions alone
do not guarantee semantic grounding.

Reconstruction-based grounding offers a princi-
pled mechanism for enforcing meaningful visual-
text alignment. GroundeR (Rohrbach et al., 2016)
learns phrase localization by requiring attended
image regions to reconstruct textual phrases, effec-
tively turning grounding into an information bottle-
neck. Similar reconstruction objectives have been
used in grounded captioning and multimodal align-
ment (Ma et al., 2020; Wang et al., 2024). While
effective, these approaches typically supervise lo-
calization indirectly and do not explicitly enforce
stability or recoverability of attention distributions.

ACC extends this line of work by not only requir-
ing attended regions to reconstruct the instruction
(semantic consistency), but also enforcing that the
reconstructed instruction re-induces the same spa-
tial attention pattern (spatial consistency), directly
validating attention recoverability.

2.3 Cycle-Consistency for Self-Supervised
Alignment

Cycle-consistency has emerged as a general princi-
ple for learning meaningful correspondences with-
out additional supervision. In image translation,
CycleGAN enforces reconstruction after round-trip
domain mapping to discourage degenerate solu-
tions (Zhu et al., 2017). In vision-language tasks,
cycle constraints have been applied to robust visual
question answering (Shah et al., 2019), grounded
captioning (Ma et al., 2020), and mutual consis-
tency between captioning and grounding (Wang
et al., 2024).

These methods share the intuition that valid cor-
respondences should be recoverable under a closed
loop transformation. Unlike prior cycle-based ap-

proaches that operate at the level of images, cap-
tions, or answers, ACC applies cycle-consistency
directly to spatial attention distributions in GUI
grounding. By enforcing round-trip agreement be-
tween instruction semantics and attention maps,
ACC regularizes the internal alignment mechanism
itself rather than only its outputs, providing fine-
grained supervision without requiring additional
annotations.

3 Method

In this section, we describe our Attention Cycle-
Consistency (ACC) framework. Given an existing
GUI grounding model as the base, ACC introduces
two additional components: (1) an instruction re-
construction decoder, and (2) cycle-consistency
and attention regularization losses. These com-
ponents regularize the base model’s attention to
be semantically grounded without modifying its
architecture. We denote the input screenshot as
I and the natural language instruction as T =
{t1, t2, · · · , tL} where ti is the i-th token and L
is the sequence length. The overall architecture of
the proposed ACC is shown in Figure 1.

3.1 Preliminaries: Base GUI Grounding
Model

ACC is designed as a model-agnostic regularizer
that can be integrated into attention-based GUI
grounding architectures. We first briefly describe
how these methods produce attention distributions,
which ACC leverages for cycle-consistency regu-
larization.

Given a screenshot I and instruction T , attention-
based GUI grounding models such as GUI-
Actor (Wu et al., 2025) and GUI-AIMA (Zhou
et al., 2025) produce an attention distribution A ∈
RH×W over the visual patch grid, where H and
W denote the height and width of the patch grid,
respectively. This attention is computed through a
dedicated action head:

A = softmax
(
z⊤Z√
d

)
(1)

where z ∈ Rd is the contextual anchor embed-
ding that encodes the instruction semantics, and
Z ∈ Rd×HW are the projected visual patch fea-
tures. ACC operates on this attention distribution
A to enforce semantic grounding.
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Figure 1: Overview of Attention Cycle-Consistency (ACC) framework. The baseline model (gray box) takes a
screenshot and input instruction, processes them through a Vision Encoder and LM Backbone, and produces image
patch attention A for GUI grounding. ACC introduces three regularization losses during training: (1) Semantic
Consistency Loss ensures that attended visual patches contain sufficient information to reconstruct the original
instruction via a reconstruction decoder; (2) Spatial Consistency Loss enforces that the backward attention Â,
computed from the reconstructed instruction, aligns with the forward attention A; (3) Entropy Loss encourages
the attention distribution to sharpen, promoting more concentrated focus on the target element. Blue and green
boxes denote visual and text tokens, respectively, with darker shades indicating higher attention weights. The
reconstruction decoder and associated losses are used only during training and discarded at inference, resulting in
zero computational overhead.

3.2 Instruction Reconstruction Decoder
The core component of ACC is the instruction re-
construction decoder D, which reconstructs the
original instruction from attended visual regions.
This decoder validates whether the attention dis-
tribution genuinely captures semantic information
from the instruction.

Attended Feature Extraction Given the atten-
tion distribution A and visual patch features V =
{v1, v2, · · · , vHW }, we first compute the attended
visual representation as a weighted sum:

ṽ =

HW∑

i=1

ai · vi (2)

where ai is the attention weight for the i-th patch.
We then apply a region encoding function f(·) to
obtain the final context feature:

vctx = f(ṽ) (3)

where f(·) is implemented as a multi-layer percep-
tron (MLP) that projects the attended representa-
tion into a suitable feature space for instruction
reconstruction.

Decoder Architecture The instruction recon-
struction decoder is a lightweight transformer de-
coder that generates the instruction sequence in an

autoregressive manner. Starting from vctx as the
initial context, the decoder reconstructs the instruc-
tion:

P (T |A, V ) =
L∏

l=1

P (tl|t<l, vctx) (4)

The decoder is designed to be lightweight to mini-
mize additional parameters while maintaining suf-
ficient capacity for instruction reconstruction.

3.3 Attention Cycle-Consistency Losses
ACC enforces bidirectional alignment through two
complementary losses: semantic consistency loss
and spatial consistency loss.

Semantic Consistency Loss The semantic con-
sistency loss ensures that attended visual regions
contain sufficient information to reconstruct the
original instruction. We minimize the negative log-
likelihood of the ground-truth instruction given the
attended features:

Lsem = − 1

L

L∑

l=1

logP (tl|t<l, vctx) (5)

This loss directly measures whether the attention
captures semantically meaningful regions. If the
model attends to the correct regions, the decoder
will successfully reconstruct the original instruc-
tion.
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Spatial Consistency Loss The spatial consis-
tency loss enforces that re-attending using the re-
constructed instruction yields the same attention
distribution. Given the reconstructed instruction
T̂ = D(A, V ), we compute the backward attention
by calculating the attention between the anchor
embedding of T̂ and the visual patch features:

Â = softmax
(
ẑ⊤Z√
d

)
(6)

where ẑ is the anchor embedding derived from the
reconstructed instruction T̂ . The spatial consis-
tency loss is defined as the symmetric KL diver-
gence between the original and backward attention
distributions:

Lspa =
1

2

(
KL(A∥Â) + KL(Â∥A)

)
(7)

This loss ensures that the attention is recoverable
through the reconstruction cycle.

3.4 Attention Entropy Regularization
While the cycle-consistency losses ensure that the
attention is semantically correct, they do not explic-
itly encourage spatial precision. GUI screenshots
often contain visually similar or repeated elements
(e.g., multiple buttons with similar appearance),
and the reconstruction decoder may successfully
reconstruct the instruction from a diffuse attention
distributed across these redundant regions. In such
cases, the cycle is satisfied but the model has not
localized the specific target element.

To address this, we introduce an entropy regular-
ization loss that encourages the attention distribu-
tion to maintain a controlled level of concentration.
We define the entropy of the attention distribution
as:

H(A) = −
HW∑

i=1

ai log ai (8)

Rather than directly minimizing entropy, which
could collapse the attention to a single patch and
fail to cover the full spatial extent of the target
element, we regularize the entropy toward a target
value τ :

Lent = |H(A)− τ | (9)

This formulation prevents two failure modes:
overly diffuse attention that spreads across irrel-
evant regions when H(A) > τ , and overly con-
centrated attention that collapses to a single patch
without covering the full spatial extent of the target
element when H(A) < τ .

Total Training Objective. The complete training
objective combines the base grounding loss with
the cycle-consistency and entropy regularization
losses:

L = Lground+λsemLsem+λspaLspa+λentLent (10)

where Lground is the original grounding loss, and
λsem, λspa, λent are balancing hyperparameters.

3.5 Training Strategy

Two-Stage Training. We adopt a two-stage train-
ing strategy to stabilize the learning process. In the
first stage, we train the base grounding model with
only Lground to obtain initial attention patterns. In
the second stage, we introduce the ACC losses and
jointly fine-tune the entire model. This prevents
the reconstruction decoder from receiving random
attention signals in the early training phase.

Gradient Stopping for Spatial Consistency.
When computing Lspa, we stop gradients through
the instruction reconstruction process to prevent the
model from trivially satisfying spatial consistency
by making the decoder output constant tokens. This
ensures that spatial consistency is achieved through
improving attention quality rather than degrading
reconstruction quality.

Inference. At inference time, the instruction re-
construction decoder is discarded, and only the
base grounding model is used. This means ACC
adds zero computational overhead during inference
while providing regularization benefits during train-
ing.

4 Experiments

In this section, we evaluate the effectiveness of our
proposed framework, ACC, on three representative
GUI grounding benchmarks. We first describe the
experimental setup including datasets, baselines,
and implementation details, then present compar-
isons with strong coordinate-free baselines. Finally,
we conduct ablation studies to analyze the contri-
bution of each proposed regularization loss.

4.1 Experimental Setup

Baselines. We compare against two strong
coordinate-free grounding frameworks:

• GUI-Actor: A coordinate-free grounding
model that performs visual token alignment
without explicit coordinate regression.
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• GUI-AIMA: A context-anchored multimodal
alignment model leveraging intrinsic multi-
modal attention mechanisms.

Importantly, our method does not modify the archi-
tecture of either baseline. Instead, we introduce ad-
ditional training-time regularization losses. During
inference, the architecture, parameter count, and
computational cost remain identical to the original
baselines.

Implementation Details. We train our models
using the same data recipe as GUI-AIMA from
publicly available GUI datasets. Hyperparameters
follow the official baseline settings unless other-
wise specified. For the instruction reconstruction
decoder, we use GPT-2 medium (355M parame-
ters), which consists of 24 transformer layers with
1024 hidden dimensions and 16 attention heads.
We set λsem = 0.3, λspa = 0.3, and λent = 0.3,
with loss weights linearly warmed up from 0 to
their target values between steps 500 and 1500.
For the entropy regularization, we set the target
entropy τ = 0.5. For all experiments, we adopt
the two-step inference with zoom-in strategy from
GUI-AIMA (Zhou et al., 2025), where the model
first predicts an approximate location on the full
screenshot, then refines the prediction on a cropped
and zoomed-in region centered at the initial predic-
tion.

Evaluation Benchmarks. We evaluate on three
well-established benchmarks:

• ScreenSpot-v2: A corrected version of
ScreenSpot with fixed annotation errors and
disambiguated instructions, containing sam-
ples across mobile, desktop, and web plat-
forms.

• ScreenSpot-Pro: A benchmark for GUI
grounding in professional high-resolution en-
vironments, featuring 1,581 expert-annotated
tasks across 23 professional applications
where target elements are significantly
smaller, and interfaces are more visually com-
plex than in general-use settings.

• OSWorld-G: A comprehensive benchmark
comprising 564 finely annotated samples
across diverse task types including text match-
ing, element recognition, layout understand-
ing, and fine-grained manipulation.

Table 1: Performance comparison on ScreenSpot-v2
and ScreenSpot-Pro benchmarks.

Model ScreenSpot-v2 ScreenSpot-Pro

Text Icon Avg Text Icon Avg

GUI-Actor 2B 94.15 75.99 86.24 56.60 25.17 44.59
GUI-Actor 2B + ACC 93.31 78.16 86.71 57.32 24.50 44.78

GUI-Actor 3B 95.40 80.69 88.99 60.70 27.48 48.01
GUI-Actor 3B + ACC 93.73 80.87 88.13 62.95 31.62 50.98

GUI-AIMA 2B 95.26 80.87 88.99 58.75 28.64 47.25
GUI-AIMA 2B + ACC 95.54 80.69 89.07 59.47 30.63 48.45

GUI-AIMA 3B 95.68 83.57 90.41 66.02 37.58 55.15
GUI-AIMA 3B + ACC 96.10 85.20 91.35 69.40 37.09 57.05

Table 2: Performance comparison on the OSWorld-G
benchmark.

Model OSWorld-G

Text Match Elem. Recog. Layout Und. Fine-grain Manip. All

GUI-Actor 2B 62.07 55.15 60.08 40.79 52.48
GUI-Actor 2B + ACC 63.98 58.18 62.85 40.13 54.43

GUI-Actor 3B 68.20 63.94 66.40 42.11 58.87
GUI-Actor 3B + ACC 66.67 66.36 70.36 42.11 60.64

GUI-AIMA 2B 63.22 59.39 63.24 41.45 55.50
GUI-AIMA 2B + ACC 64.75 60.91 65.61 38.82 55.85

GUI-AIMA 3B 69.35 65.76 70.36 46.71 60.99
GUI-AIMA 3B + ACC 69.73 65.76 67.98 47.37 61.52

We use Element Accuracy as the evaluation met-
ric, which measures the proportion of predictions
where the predicted point falls within the ground-
truth bounding box.

4.2 Experimental Results

Tables 1 and 2 present the performance of ACC
applied to both GUI-Actor and GUI-AIMA across
two model scales (2B and 3B).

ScreenSpot-v2 and ScreenSpot-Pro. On
ScreenSpot-v2, ACC yields consistent improve-
ments for GUI-AIMA at both scales, with
GUI-AIMA 3B + ACC achieving the highest
overall accuracy of 91.35%. For GUI-Actor,
ACC improves Icon accuracy but shows a slight
trade-off on Text accuracy, resulting in mixed
average performance. The improvements become
more pronounced on ScreenSpot-Pro, which
features high-resolution professional screenshots
where target elements are significantly smaller
relative to the full screen and embedded within
visually complex interfaces. Notably, GUI-Actor
3B + ACC achieves a 2.97% absolute gain over the
baseline (50.98% vs. 48.01%), and GUI-AIMA 3B
+ ACC improves by 1.90% (57.05% vs. 55.15%).
These larger gains on the more challenging
benchmark suggest that the cycle-consistency and
entropy regularization are particularly effective
when the model must localize small target elements
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Table 3: Attention analysis on ScreenSpot-Pro. In-box Mass: fraction of attention inside the GT box (↑). Global
Entropy: entropy of the full attention distribution (↓). Density Ratio: average attention per patch inside vs. outside
the GT box (↑).

In-box Mass (↑) Global Entropy (↓) Density Ratio (↑)
Model Text Icon Avg Text Icon Avg Text Icon Avg

Baseline 0.171 0.058 0.128 4.153 4.333 4.222 396.8 330.2 371.3
+ ACC 0.228 0.083 0.173 3.403 3.546 3.457 823.0 585.1 732.1

Table 4: Ablation study on ScreenSpot-Pro. Starting
from the full ACC framework applied to GUI-Actor 3B,
we progressively remove loss components.

Model ScreenSpot-Pro

Text Icon Avg

GUI-Actor 3B + ACC 62.95 31.62 50.98
− Lent 63.56 29.64 50.60
− Lent − Lspa 62.74 29.80 50.16

within cluttered, high-resolution interfaces.

OSWorld-G. On OSWorld-G, ACC improves
the overall accuracy across all four configurations.
GUI-Actor 3B + ACC achieves the largest gain
of 1.77% (60.64% vs. 58.87%), with notable im-
provements in Element Recognition (+2.42%) and
Layout Understanding (+3.96%). GUI-AIMA 3B
+ ACC shows a modest overall gain of 0.53%,
with improvements concentrated in Text Match and
Fine-grained Manipulation. The consistent over-
all gains across diverse task types suggest that the
improved attention quality from ACC benefits a
range of grounding capabilities, from recognizing
specific elements to understanding spatial layouts.

4.3 Ablation Study

To understand the contribution of each proposed
loss, we conduct an ablation study by progres-
sively removing components from the full ACC
framework applied to GUI-Actor 3B, evaluated on
ScreenSpot-Pro. We compare three configurations:
(1) full ACC with all three losses, (2) without en-
tropy loss, and (3) without both entropy and spatial
consistency losses. Results are shown in Table 4.
Removing the entropy loss leads to a notable drop
in Icon accuracy by −1.98%, resulting in a lower
average despite a slight increase in Text accuracy.
This suggests that entropy regularization is partic-
ularly important for localizing small, non-textual
elements where attention concentration is critical.
Further removing the spatial consistency loss de-

grades both Text and overall accuracy, confirm-
ing that the forward-backward cycle provides com-
plementary regularization beyond what the recon-
struction objective alone achieves. The progressive
degradation in average accuracy across all three
configurations validates that each loss component
contributes meaningfully to the overall framework.

4.4 Attention Analysis

To understand how ACC regularization reshapes
the model’s attention, we compare the attention dis-
tributions of the baseline and ACC-trained models
using three complementary metrics computed over
the ScreenSpot-Pro evaluation set. In-box Atten-
tion Mass measures the fraction of total attention
that falls within the ground-truth bounding box, re-
flecting whether the model attends to the correct
region. Global Entropy measures the entropy of the
full attention distribution, where lower values indi-
cate sharper, more concentrated attention. In-box
Density Ratio is defined as the average attention
per patch inside the ground-truth box divided by
the average per patch outside, capturing how selec-
tively the model focuses on the target relative to
the background. Results are reported in Table 3.

Across all three metrics, the ACC model shows
consistent improvement over the baseline. In-box
attention mass increases from 0.128 to 0.173 on av-
erage, indicating that a larger share of the model’s
attention is directed toward the target element.
Global entropy decreases from 4.222 to 3.457, con-
firming that ACC produces sharper, more concen-
trated attention distributions. The in-box density
ratio nearly doubles from 371 to 732, meaning that
each patch inside the ground-truth box receives
roughly twice the average attention compared to
the baseline, relative to background patches.

These results demonstrate that ACC regulariza-
tion produces attention that is simultaneously more
accurate (higher in-box mass), more focused (lower
entropy), and more discriminative (higher density
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ratio), confirming that the cycle-consistency and
entropy losses address complementary aspects of
attention quality.

5 Conclusion

In this paper, we presented Attention Cycle-
Consistency (ACC), a self-supervised regulariza-
tion framework for GUI visual grounding that en-
forces bidirectional alignment between visual atten-
tion and instruction semantics. ACC introduces two
complementary cycle-consistency constraints: se-
mantic consistency, which ensures attended regions
contain sufficient information to reconstruct the
original instruction, and spatial consistency, which
requires attention distributions to remain invariant
through the reconstruction cycle. We further incor-
porate entropy regularization to encourage spatially
concentrated attention on target elements. Our ap-
proach is model-agnostic and integrates seamlessly
with existing coordinate-free grounding methods
without modifying their architecture. Experiments
on three benchmarks demonstrate that ACC con-
sistently improves baseline methods across diverse
GUI environments. Since ACC components are
discarded at inference time, our method achieves
these gains with zero computational overhead dur-
ing deployment. Extending ACC to coordinate-
generation architectures is a promising direction
for future work: attention mechanisms also serve
as intermediate representations in these models,
and investigating whether cycle-consistency regu-
larization yields comparable benefits in that setting
remains an open empirical question that we leave
to subsequent study.
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From Pixels to BFS: High Maze Accuracy
Does Not Imply Visual Planning
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Figure 1: Top: Mazes from MAZEBENCH at increasing difficulty: 5×5 (A) to 20×20 (X). Bottom: Solve rate vs. total
tokens. The newly released GPT-5.5 sets a new Pareto point (92% at 1,096 tokens/solve); Claude 4.6-era models (red)
cluster at 2–6% and Claude Opus 4.7 reaches 29–31%, still trailing the frontier on image input.

Abstract

How do multimodal models solve visual spatial
tasks—through genuine planning, or through
brute-force search in token space? We intro-
duce MAZEBENCH, a benchmark of 110 proce-

durally generated maze images across nine con-
trolled groups, and evaluate 19 model configu-
rations from OpenAI, Anthropic, Google, and
Alibaba. The newly released GPT-5.5 solves
96% of the 100-maze core set and GPT-5.4
91%, but these scores are misleading: mod-
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els typically translate images into text grids
and then enumerate paths step by step, con-
suming 1,096–22,818 tokens per solve for a
task humans do quickly. Without added rea-
soning budgets, all configurations score only
2–15%; on 20×20 ultra-hard mazes, even GPT-
5.5 medium hits token limits and solves only
4/10. Qualitative traces reveal a common two-
stage strategy: image-to-grid translation fol-
lowed by token-level search, effectively BFS in
prose. A text-grid ablation shows Claude Son-
net 4.6 rising from 6% to 80% and the newer
Claude Opus 4.7 rising from 31% to 90% when
given the correct grid, isolating weak visual
extraction from downstream search across two
Claude generations. When explicitly instructed
not to construct a grid or perform graph search,
models still revert to the same enumeration
strategy. MAZEBENCH therefore shows that
high accuracy on visual planning tasks does not
imply human-like spatial understanding.

1 Introduction

Multimodal large language models (MLLMs) have
achieved impressive performance across a wide
range of vision-language tasks, from visual ques-
tion answering to diagram understanding and math-
ematical reasoning in visual contexts (Lu et al.,
2024; Yue et al., 2024; Fu et al., 2024a). Recent
benchmarks have begun probing deeper visual ca-
pabilities, finding that models struggle with tasks
that humans—even young children—solve effort-
lessly (Fu et al., 2024b; Tong et al., 2024; Chen
et al., 2026). Yet when models do score well on
such tasks, a crucial question remains: does a high
accuracy score mean the model actually under-
stands the task, or is it achieving the right an-
swer through a fundamentally different—and
far less efficient—mechanism?

We investigate this question through visual maze
solving, a task that is conceptually simple for hu-
mans: given a pixel-art maze image, find the short-
est path from the player to the treasure. A human
glances at even a complex 20×20 maze and traces
the path visually in seconds. We find that frontier
MLLMs can also solve many of these mazes—GPT-
5.5 achieves 96%, GPT-5.4 91%, Gemini 3.1 Pro
79%—but they do so in a qualitatively different
way. Rather than spatial planning, models translate
the image into a token-level grid representation and
then perform serial path enumeration: they brute-
force the solution step by step in natural language,
consuming thousands of reasoning tokens for a task
that requires no deliberation for a human. When

the path is too long to enumerate within the token
budget, the model gives up—not because it cannot
see the maze, but because it runs out of space to
think.

This finding has implications beyond mazes. It
suggests that benchmark accuracy alone can be
misleading about the nature of model capabilities:
a model may score 90% on a task while using
a fundamentally different—and far more costly—
cognitive strategy than the one the benchmark was
designed to measure.

We design MAZEBENCH with three properties
that make this analysis possible:

Controlled difficulty via procedural generation.
We build a procedural maze generator producing
mazes with controlled grid size (5×5 to 20×20),
wall density (0–55%), trap count (0–25), border
walls, and varied start/goal positions. Ground-
truth shortest paths are computed via BFS. The
110 mazes are organized into nine experimental
groups—including diagnostic, grid scale, wall den-
sity, trap ablation, and ultra-hard—enabling clean
ablation studies (Figure 1).

Reasoning effort as a controlled variable. We
systematically vary the reasoning budget via fron-
tier API controls (OpenAI’s reasoning_effort,
Anthropic’s adaptive thinking), producing a scaling
curve from no thinking to medium effort on the
same visual inputs.

Token efficiency as a window into strategy. We
report the total tokens consumed (thinking + out-
put) per solve. This reveals how models solve
mazes, not just whether they do: GPT-5.5 low re-
quires 1,096 tokens per solve, GPT-5.4 low 1,710,
and Gemini 3 Flash 15,171—all reaching correct
answers but through vastly different amounts of
brute-force enumeration (Figure 1).

Our main findings are:

1. High scores mask brute-force strategies.
GPT-5.5 solves 96% of mazes and GPT-5.4
91%, but each consumes thousands of tokens
per solve (2,172 and 2,913 respectively) in
serial enumeration, with no observable spatial
planning behavior. On 20×20 mazes where
paths exceed the token budget, even GPT-
5.5 medium drops to 4/10 (Section 5.6).

2. Without added reasoning budgets, perfor-
mance remains very low. All 19 configura-
tions score only 2–15% in their no-thinking or
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lowest-budget settings, even when some parse
the grid correctly. For the stronger models,
the failure is primarily in path planning rather
than basic visual parsing (Section 5.3).

3. The same task, radically different costs.
Models vary by 14× in tokens per solve
(1,096 for GPT-5.5 low vs. 15,171 for Gem-
ini 3 Flash), revealing that “solving a maze”
means very different things computationally
across providers (Section 5.5).

4. Within a generation, size alone does not
buy spatial reasoning. Within the Claude 4.6
generation, Opus 4.6 (the largest) solves the
same 4% as Haiku 4.5 (the smallest). The
newer Claude Opus 4.7 closes much of the
gap to frontier models (31% at low effort), and
GPT-5.5 advances the OpenAI ceiling from
91% to 96% while cutting tokens-per-solve
at low effort by 36%—showing that genera-
tional improvements, not raw scale within a
fixed generation, are what actually move this
benchmark (Section 6).

2 Related Work

Visual perception gaps in MLLMs. Several
recent benchmarks have documented systematic
failures in visual perception. BLINK (Fu et al.,
2024b) reformats 14 classic computer vision tasks
as multiple-choice questions and finds that GPT-
4V achieves only 51% versus 96% for humans,
concluding that perception tasks “resist mediation
through natural language.” Tong et al. (2024) iden-
tify “CLIP-blind pairs”—images that vision en-
coders conflate despite clear visual differences—
and construct the MMVP benchmark exposing fail-
ures on basic visual patterns. BabyVision (Chen
et al., 2026) tests core visual abilities that human
children master by age 3–6, finding that even Gem-
ini 3 Pro scores only 49.7 versus 94.1 for adults.
Notably, BabyVision includes a maze-tracing task
in which models select which entrance connects
to an exit from a multiple-choice list—a percep-
tual tracking task. Our benchmark differs funda-
mentally: rather than choosing among predefined
options, models must generate the complete short-
est path as an exact sequence of moves (U/D/L/R),
requiring both visual parsing and multi-step spa-
tial planning. This distinction allows us to show
that failures compound across both stages: some
models (Claude) fail primarily at visual grid ex-
traction, while others (GPT-5.4, Gemini) parse the

grid correctly but still resort to brute-force token
enumeration rather than spatial planning.

Multimodal reasoning benchmarks. MathVista
(Lu et al., 2024) and MathVerse (Zhang et al.,
2024) evaluate mathematical reasoning in visual
contexts, finding that models often rely on textual
cues rather than diagram understanding. EMMA
(Hao et al., 2025) tests cross-modal reasoning
across math, physics, chemistry, and coding, report-
ing that even chain-of-thought prompting and test-
time compute scaling underperform (ICML 2025).
MMMU (Yue et al., 2024) and MME (Fu et al.,
2024a) provide comprehensive evaluation suites
spanning dozens of disciplines, while MMEvalPro
(Huang et al., 2025) addresses systematic biases
in multiple-choice evaluation by introducing per-
ception prerequisite questions. Chen et al. (2024b)
audit evaluation methodology itself, questioning
whether current benchmarks measure the capabil-
ities they claim to. Our benchmark complements
this body of work by targeting a single, tightly
controlled task—visual pathfinding—that isolates
spatial reasoning from domain knowledge.

Spatial reasoning in MLLMs. Spatial reason-
ing has emerged as a key evaluation axis for mul-
timodal models. SpatialVLM (Chen et al., 2024a)
endows VLMs with metric spatial reasoning via
synthetic data, while SpatialRGPT (Cheng et al.,
2024) grounds spatial reasoning in depth-aware rep-
resentations. SpatialBench (Xu et al., 2025) decom-
poses spatial intelligence into five cognitive levels
and finds that models fail at high-level planning.
SpatiaLab (Tong et al., 2026) evaluates spatial rea-
soning in unconstrained real-world images, find-
ing that even GPT-5-mini scores only 41% versus
65% for humans. GSR-Bench (Rajabi and Kosecka,
2024) evaluates grounded spatial relationship un-
derstanding across 27 models at NeurIPS 2024.
VGRP-Bench (Ren et al., 2025) is the most di-
rectly related benchmark to ours, testing vision-
language models on grid-based visual reasoning
puzzles. Our work differs in three ways: (1) we
introduce reasoning effort as a controlled experi-
mental variable, (2) we report thinking token effi-
ciency as a metric, and (3) we demonstrate through
qualitative analysis that models solve grid puzzles
through brute-force token-level enumeration, with
no evidence of human-like spatial planning.

Test-time compute scaling. Snell et al. (2025)
demonstrate that scaling inference-time computa-
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tion can be more effective than scaling model pa-
rameters for reasoning tasks (ICLR 2025). Agar-
wal et al. (2025) show that no single test-time scal-
ing strategy universally dominates but that perfor-
mance scales monotonically with compute budget.
Chain-of-Visual-Thought (Qin et al., 2025) and
related methods (Wang et al., 2025) extend chain-
of-thought reasoning to continuous visual tokens.
Our reasoning effort sweep provides direct empiri-
cal evidence for these theoretical results: GPT-5.4
improves from 12% to 85% to 91%, and GPT-5.5
from 15% to 92% to 96%, as reasoning effort in-
creases from none to low to medium, with dimin-
ishing returns at higher budgets.

3 Benchmark Design

3.1 Task Formulation

Given a pixel-art maze image, the model must
return a JSON object containing: the grid size,
whether the start and goal are found, whether a
path exists (reachable), the shortest path length,
and the exact path as a list of directional moves (U,
D, L, R). A maze is scored as solved only when all
three conditions hold: (1) reachability is correctly
identified, (2) the shortest path length is correct,
and (3) the returned path exactly matches one of
the accepted shortest-path annotations. No partial
credit is awarded.

3.2 Procedural Maze Generation

We build a procedural generator that produces
mazes with controlled parameters. Each maze
is defined by a grid size (r × c), wall density
d ∈ [0, 0.55] (fraction of candidate cells converted
to walls), trap count t (impassable hazard tiles visu-
ally distinct from walls), and optional border walls
(a wall ring around the outer edge). Start and goal
positions are randomized on opposite edges with a
minimum Manhattan distance of ⌊(r + c)/3⌋.

The generation algorithm places walls incremen-
tally, verifying after each placement that the maze
remains reachable (unless the maze is designated
unreachable). Traps are placed similarly with reach-
ability checks. Ground-truth shortest paths are
computed via breadth-first search with multi-parent
tracking, enumerating all optimal paths (capped
at 50). All mazes render as 1024 × 1024 pixel
PNG images using procedurally generated pixel-
art sprites across four visual palettes (forest, desert,
dungeon, meadow).

3.3 Dataset Structure
The benchmark contains 110 mazes organized into
nine groups:

• Group A: Diagnostic (8 mazes). Empty or
near-empty grids with straight-line paths. If
a model fails here, the bottleneck is visual
parsing, not reasoning.

• Group B: Grid Scale (15). Constant wall
density (25%), grid sizes from 5×5 to 13×13.
Isolates the effect of spatial scale.

• Group C: Wall Density (15). Constant 9× 9
grid, density swept from 0% to 45%. Isolates
obstacle complexity.

• Group D: Trap Ablation (12). Six matched
pairs sharing the same random seed—one
with traps, one without—isolating trap recog-
nition.

• Group E: Unreachable (14). All unreach-
able, spanning 5× 5 to 13× 13. Tests false-
positive rate for reachability claims.

• Group F: Border Walls (10). Five matched
pairs with/without border walls. Tests whether
visual framing affects parsing.

• Group G: Combined Hard (16). Large grids
(9× 9–13× 13), high density, traps, and bor-
ders combined.

• Group H: Palette Stress (10). Same maze
structure rendered in all four palettes. Tests
visual style sensitivity.

• Group X: Ultra-Hard (10). 20 × 20 grids
with 8–25 traps, 35–55% wall density, and
shortest paths of 28–42 steps.

Overall the dataset contains 79 reachable mazes
(72% of the 110) and 31 unreachable (28%). Short-
est path lengths range from 4 to 42 moves (mean
13.5, median 12).

4 Experimental Setup

Models. We evaluate models from four providers:
OpenAI: GPT-5.4 and GPT-5.4-mini, each at
three reasoning effort levels (none, low, medium),
plus GPT-5.5 (released April 2026) at none,
low, and medium effort; Anthropic: Claude
Opus 4.6, Sonnet 4.6, and Haiku 4.5, each at
no-thinking and low-effort configurations, plus
Claude Opus 4.7 (released April 2026) at low-
and medium-effort; Google: Gemini 3.1 Pro Pre-
view and Gemini 3 Flash Preview; Alibaba/Qwen:
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Qwen 3.5 Plus and Qwen 3.5 Flash via DashScope.
This yields 19 model configurations in total.

Protocol. Every configuration receives the same
fixed prompt instructing JSON-only output with no
tool use. Images are sent as base64-encoded data
URLs. We disable structured output enforcement
and tool calling across all APIs so that models must
reason freely. Failed JSON parses are retried up to
twice.

Reasoning effort control. For OpenAI,
we use the reasoning_effort parameter
(none/low/medium). For Anthropic, we test both
no-thinking (omitting the thinking configuration)
and adaptive thinking with low effort. We
evaluate Claude 4.6-era models only at no-thinking
and low-effort because the text-grid ablation
(Section 6) establishes that their failure is in visual
extraction, not downstream search—additional
reasoning tokens applied to a misidentified grid
yield no improvement. For Claude Opus 4.7 we
additionally include a medium-effort run, since its
substantially higher solve rate (29–31% vs. 4% for
Opus 4.6) suggests the visual-extraction bottleneck
has partially lifted and makes effort scaling on the
image task a meaningful comparison. Gemini and
Qwen models use default configurations; notably,
Gemini performs hidden internal reasoning (visible
via thoughtsTokenCount in the API response)
that cannot be disabled.

Reproducibility. The main experiments were
conducted between March 20–23, 2026, with
the Claude Opus 4.7 runs added on April 16,
2026 and the GPT-5.5 runs on April 24–25,
2026, shortly after each model’s release.
The following API model identifiers were
used: gpt-5.5, gpt-5.4, and gpt-5.4-mini
(OpenAI Responses API), claude-opus-4-7,
claude-opus-4-6, claude-sonnet-4-6,
and claude-haiku-4-5-20251001
(Anthropic Messages API, version
2023-06-01), gemini-3.1-pro-preview and
gemini-3-flash-preview (Gemini REST API),
and qwen3.5-plus and qwen3.5-flash (Dash-
Scope API). Temperature was set to 0.0 for all
non-thinking configurations; Anthropic requires
temperature 1.0 when thinking is enabled.

Model Solved Reach.% Lat.(s)

GPT-5.5 (medium) 96/100 99 28.6
GPT-5.5 (low) 92/100 99 13.5
GPT-5.4 (medium) 91/100 95 38.1
GPT-5.4 (low) 85/100 92 23.8
Gemini 3.1 Pro 79/100 86 51.9
Gemini 3 Flash 53/100 82 32.3
GPT-5.4-mini (medium) 51/100 86 21.8
GPT-5.4-mini (low) 49/100 89 7.3
Opus 4.7 (low) 31/100 74 29.1
Opus 4.7 (medium) 29/100 72 39.7
GPT-5.5 (none) 15/100 74 2.4
Qwen 3.5 Flash 15/100 71 12.2
GPT-5.4 (none) 12/100 71 2.1
Qwen 3.5 Plus 11/100 78 23.7
GPT-5.4-mini (none) 8/100 79 1.3
Sonnet 4.6 (none) 6/100 70 16.9
Opus 4.6 (low) 4/100 67 21.3
Opus 4.6 (none) 4/100 71 19.8
Haiku 4.5 (low) 3/100 63 9.1
Sonnet 4.6 (low) 2/100 60 14.7
Haiku 4.5 (none) 2/100 68 9.4

Table 1: Main leaderboard on the 100-maze core set.
Solved requires correct reachability, correct shortest
path length, and exact path match. Reach.% is reacha-
bility accuracy. Lat. is average latency per maze.

5 Results

5.1 Main Results

Table 1 presents the full leaderboard ranked by
solve rate on the 100-maze core set (excluding
Group X ultra-hard).

The results reveal a clear hierarchy. The newly
released GPT-5.5 with medium reasoning takes the
top spot at 96%, followed by GPT-5.5 low (92%),
GPT-5.4 medium (91%), GPT-5.4 low (85%), and
Gemini 3.1 Pro (79%). GPT-5.5 advances the Ope-
nAI ceiling by 5 points over GPT-5.4 at matched ef-
fort while also raising reachability accuracy to 99%
(vs. 95% for GPT-5.4 medium). All Claude 4.6-era
models—Opus 4.6, Sonnet 4.6, and Haiku 4.5—
score between 2–6% regardless of size or think-
ing configuration, and enabling low-effort thinking
sometimes degrades performance (Sonnet drops
from 6% to 2%). The subsequently released Claude
Opus 4.7 changes this picture partially: it jumps
to 31% at low effort and 29% at medium effort—a
roughly 8× improvement over Opus 4.6 at matched
effort—but still trails GPT-5.5 low (92%) and
GPT-5.4 low (85%) by a wide margin. Curiously,
Opus 4.7 also exhibits inverse effort scaling in this
range: medium effort solves fewer mazes than low
while consuming 22% more tokens, echoing the
pattern seen in the 4.6-era Sonnet low/none com-
parison.
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Solves per Group

Model Reason. A B C D E F G H Total
/8 /15 /15 /12 /14 /10 /16 /10 /100

GPT-5.5 med. 8 13 13 12 14 10 16 10 96
GPT-5.5 low 8 15 11 10 14 10 14 10 92
GPT-5.5 none 8 2 0 0 2 0 3 0 15
GPT-5.4 med. 7 14 13 12 13 9 13 10 91
GPT-5.4 low 8 13 10 11 12 8 13 10 85
GPT-5.4 none 8 1 1 1 1 0 0 0 12
GPT-5.4-mini med. 7 11 8 6 7 3 5 4 51
GPT-5.4-mini low 6 9 8 5 11 3 3 4 49
GPT-5.4-mini none 5 0 0 1 2 0 0 0 8

Gemini 3.1 Pro default 8 12 14 9 9 7 10 10 79
Gemini 3 Flash default 7 7 9 7 6 5 7 5 53

Qwen 3.5 Flash default 8 1 2 1 2 0 1 0 15
Qwen 3.5 Plus default 6 1 4 0 0 0 0 0 11

Sonnet 4.6 none 3 0 1 1 0 0 0 1 6
Sonnet 4.6 low 1 0 1 0 0 0 0 0 2
Opus 4.6 none 2 0 1 0 1 0 0 0 4
Opus 4.6 low 2 0 1 0 1 0 0 0 4
Haiku 4.5 none 1 1 0 0 0 0 0 0 2
Haiku 4.5 low 3 0 0 0 0 0 0 0 3

Table 2: Per-group solve counts for all 19 model configurations. Groups: A=Diagnostic, B=Grid Scale, C=Wall Den-
sity, D=Trap Ablation, E=Unreachable, F=Border Walls, G=Combined Hard, H=Palette Stress. GPT-5.5 medium
is the first configuration to clear Group G (Combined Hard) at full 16/16. GPT-5.4’s none→low transition (+73
solves) is the largest single improvement; GPT-5.5 shows a similar +77 jump (15→92). All Claude models remain
at 2–6 regardless of reasoning effort. Gemini models achieve strong results via hidden internal thinking.

5.2 Reasoning Effort Scaling

Table 2 presents per-group solve counts across all
16 model configurations, revealing both the effect
of reasoning effort and stark cross-provider differ-
ences.

For GPT-5.4, the transition from no reasoning to
low effort produces a dramatic +73 solve improve-
ment (12→85), while increasing to medium adds
only +6 (85→91), exhibiting clear diminishing re-
turns. The hard group (G) plateaus at 13/16 at both
low and medium, suggesting that the remaining
failures require qualitatively different capabilities
rather than more reasoning tokens. GPT-5.5 shows
the same scaling shape but at a higher ceiling:
none→low adds +77 (15→92) and low→medium
adds another +4 (92→96), with the hard group (G)
finally clearing at 16/16 at medium effort—the first
model in our benchmark to do so.

In contrast, all Claude models remain flat at 2–
6 solves regardless of reasoning configuration—
Sonnet actually degrades from 6 to 2 with low
effort enabled. Gemini models, which perform
hidden reasoning by default, achieve results be-
tween GPT-5.4’s low and medium configurations
without any user-controllable effort setting. Qwen
models show modest performance (11–15), with

the smaller Flash variant slightly outperforming
Plus—the only family where the smaller model
does better.

5.3 Diagnostic Analysis: Vision Works,
Reasoning Doesn’t

Group A (diagnostic) serves as a critical control.
These eight mazes have zero or near-zero walls
with straight-line paths—any model that can parse
the grid should solve them. Both GPT-5.4 and
GPT-5.5 achieve 8/8 even without reasoning, con-
firming that their vision encoders correctly identify
the grid, start position, goal position, and tile types.
GPT-5.4’s collapse from 8/8 on diagnostics to 1/15
on Group B (which adds only 25% wall density)
demonstrates that the failure is entirely in path plan-
ning, not visual parsing; GPT-5.5 follows the same
pattern (8/8→ 2/15 without reasoning).

Interestingly, Claude models struggle even on
diagnostics: Opus solves only 2/8 and Haiku 1/8
without thinking. This suggests that Claude’s vi-
sion pipeline has additional limitations in grid pars-
ing that compound with the reasoning deficit.
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Model Solved Tot. Tok. Tok/Solve

GPT-5.5 (medium) 96 209K 2,172
GPT-5.5 (low) 92 101K 1,096
GPT-5.4 (medium) 91 265K 2,913
GPT-5.4 (low) 85 145K 1,710
Gemini 3.1 Pro 79 731K 9,250
Gemini 3 Flash 53 804K 15,171
GPT-5.4-mini (medium) 51 503K 9,872
GPT-5.4-mini (low) 49 152K 3,105
Opus 4.7 (low) 31 409K 13,189
Opus 4.7 (medium) 29 500K 17,239
GPT-5.5 (none) 15 10K 668
Qwen 3.5 Flash 15 238K 15,835
GPT-5.4 (none) 12 9K 782
Qwen 3.5 Plus 11 240K 21,804
GPT-5.4-mini (none) 8 11K 1,427
Opus 4.6 (none) 4 91K 22,818

Table 3: Thinking token efficiency. Tot. Tok. is
total thinking + output tokens across all 100 mazes.
Tok/Solve is the average total tokens consumed per cor-
rectly solved maze. Lower is more efficient.

5.4 Unreachable Detection

Unreachable mazes probe a different failure mode:
can models recognize when no path exists? With-
out reasoning, all models exhibit a strong bias
toward claiming reachability—GPT-5.4 produces
25/28 false positives (89% false-positive rate).
With medium reasoning, this drops to 6/28 (21%),
and unreachable detection reaches 93% recall. This
suggests that detecting impossibility is itself a
reasoning-intensive task: the model must exhaus-
tively verify that no path exists rather than opti-
mistically reporting one.

5.5 Thinking Token Efficiency

Figure 1 and Table 3 report total tokens consumed
(thinking + output) per solve, revealing order-of-
magnitude differences in reasoning efficiency.

GPT-5.5 at low effort is the new Pareto-optimal
configuration: 92 solves at 1,096 tokens per solve—
a 36% reduction over the previous Pareto point
(GPT-5.4 low, 1,710 tok/solve) while solving 7
more mazes. Medium effort on GPT-5.5 buys an-
other 4 solves (92→96) at roughly twice the token
cost (1,096→2,172). GPT-5.4 medium remains
a strong configuration but is dominated by GPT-
5.5 on both axes: GPT-5.5 low ties or beats GPT-
5.4 medium’s solve rate (92 vs. 91) at 38% fewer
tokens per solve. Gemini 3 Flash consumes 7,186
thinking tokens per maze internally (visible via the
API’s thoughtsTokenCount field) but achieves
only 53% solve rate—14× more total tokens than
GPT-5.5 low for 39 fewer solves. Claude 4.6-era

Maze GT Pred. Path Solved Lat.

101 ✓ – 40→ – △ 137s
102 ✓ ✓ 30→ 30 75s
103 ✓ ✓ 42→ 42 103s
104 × × – ✓ 101s
105 ✓ – 32→ – △ 87s
106 ✓ ✓ 37→ 37 ✓ 88s
107 × × – ✓ 61s
108 ✓ ✓ 28→ 28 100s
109 ✓ × 41→ – 77s
110 × × – ✓ 87s

Total solved 4/10 91s

Table 4: GPT-5.5 (medium) on the 10 ultra-hard 20×20
mazes. GT = ground-truth reachability; Pred. = model
prediction; Path = GT length→ predicted length. ✓=
correct, × = wrong,△ = correct reachability but incom-
plete output (hit token limit). The model solves one
reachable maze (37 steps) plus all three unreachable
cases; it falsely declares the 41-step reachable maze un-
reachable and runs out of tokens on the 40- and 32-step
mazes.

models are the least efficient, spending 22,000–
30,000 tokens per solve on verbose but incorrect
outputs; Opus 4.7 improves to 13,000–17,000 to-
kens per solve, narrowing but not closing the gap
to GPT-5.5 low (1,096 tokens per solve).

A key revelation is that Gemini models perform
hidden reasoning by default: Gemini 3 Flash uses
a median of 7,861 thinking tokens per maze de-
spite having no user-configurable reasoning toggle.
The Gemini–Claude gap, however, is not solely ex-
plained by thinking tokens. As our qualitative anal-
ysis in Section 6 shows, Claude models produce
inaccurate grid extractions (wrong dimensions, mis-
placed walls), meaning they brute-force on a hallu-
cinated grid—a compounding failure where poor
vision quality renders even extensive reasoning fu-
tile.

5.6 Ultra-Hard Ceiling

Group X (20×20 grids, 8–25 traps, paths of 28–42
steps) tests the absolute ceiling of current mod-
els. Table 4 shows per-maze results for GPT-5.5 at
medium effort—the best-performing configuration
on the core set.

GPT-5.5 drops from 96% on the core set to 4/10
on ultra-hard—a one-solve improvement over GPT-
5.4 medium (3/10) but the same qualitative ceiling.
Average latency is 91 seconds (versus 28.6s on
the core set), and 2/10 mazes hit the maximum
output token limit (8,192 tokens). GPT-5.5 cleanly
solves all three unreachable ultra-hard mazes (full
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JSON output, correct reach); GPT-5.4 medium also
identified them as unreachable but hit the token
limit on two of them (△) and was credited with
only one (107). Beyond that, GPT-5.5 still falsely
declares the 41-step reachable maze unreachable
and produces wrong paths on the 28-, 30-, and 42-
step reachable mazes despite getting their lengths
right. The pattern is consistent: longer reachable
paths exceed the brute-force budget even for the
strongest model.

This provides direct evidence that models solve
mazes through serial enumeration bounded by to-
ken budget: when the path exceeds what can be
brute-forced within the thinking allocation, the
model fails—and the failure mode is the same for
both GPT-5.4 and GPT-5.5.

6 Analysis and Discussion

A universal two-stage strategy. Examination of
model outputs reveals that all models—regardless
of provider or accuracy—follow the same two-
stage strategy: (1) Image-to-grid translation: the
model converts the visual maze into a textual row-
column matrix, and (2) Serial path enumera-
tion: the model attempts to trace paths step-by-step
through this textual grid. What differentiates high-
performing models from low-performing ones is
primarily the quality of Stage 1, not the sophistica-
tion of Stage 2.

Claude models expose this strategy clearly be-
cause their reasoning traces are visible in the output.
On gen_maze_014 (an 8×8 grid), Opus 4.6 outputs
a full grid transcription before searching:
Row 0: W, open, W, W, open, open, ...G

Row 1: W, S, open, W, W, W, open, ...

[...maps all 10 rows...]

Path: R,R,R,...(1,3) wait, (1,3) is wall.

Alternative: (1,1)→(1,2)→(2,2)→(2,3)→...

That’s: R, D, R, R, R, R, R, R, R, U, U = 11

Shorter: ... = 11 moves. Or: ... = 15, longer.

Stick with 11.

This is textbook brute-force search in natural
language: try a path, hit a wall, backtrack, try an-
other, count steps, compare. Notably, our prompt
explicitly instructs models not to “use any exter-
nal tools, code, search, calculators, or graph-search
programs”—yet the models’ only available strategy
is to simulate a graph-search algorithm (BFS) in
natural language tokens, step by step. Critically,
both Opus and Sonnet misidentify the grid as
10×10 (it is actually 8×8), leading them to rea-

son over a hallucinated grid and produce incorrect
paths. GPT-5.4 correctly identifies 8×8 and Gem-
ini 3 Flash also reports the correct grid size—their
Stage 1 is more accurate, which makes their Stage 2
brute-force search succeed on the correct grid.

The performance gap is in vision, not reasoning
strategy. This two-stage analysis reframes the
cross-provider performance differences. Claude
models do not fail because they use a worse rea-
soning strategy—they use the same enumerate-
and-backtrack approach as GPT-5.4. They fail be-
cause their grid extraction is unreliable: wrong
grid dimensions, mislocated walls, and halluci-
nated openings. On the trivially empty diagnostic
maze gen_maze_001 (5×5, zero walls), Sonnet 4.6
reports a “6×6 grid” instead of the correct 5×5 and
computes a path of length 4—the correct length,
but from a misidentified grid. Opus 4.6 reports
“7×7” and returns a path of length 5, both incorrect
(the grid is 5×5 with shortest path 4).

On the unreachable maze gen_maze_057, this
vision deficit is catastrophic: Opus maps a 9×9 grid
as 11×11 with incorrectly placed walls, then brute-
forces a 14-step path through cells that are actually
walls—confidently declaring the maze reachable
when it is not. GPT-5.4 without reasoning correctly
reports this maze as unreachable in 2.6 seconds,
demonstrating superior visual parsing even without
any chain-of-thought.

High accuracy still means brute-force. The
crucial insight is that even the best-performing
models—GPT-5.5 at 96%, GPT-5.4 at 91%, Gem-
ini 3.1 Pro at 79%—are still brute-forcing. They
simply brute-force on a correct grid. The evidence
is threefold: (1) Performance scales with think-
ing token budget, not with any spatial heuristic—
adding more tokens yields more solves, in a pattern
consistent with longer serial search; this holds for
GPT-5.5 (15→92→96) just as it does for GPT-5.4.
(2) On ultra-hard 20×20 mazes, GPT-5.5 medium
still bottoms out at 4/10, with the same failure mode
as GPT-5.4—hitting the token limit on the longest
reachable paths and defaulting to “unreachable.”
A human traces the same maze visually in sec-
onds. (3) Token efficiency varies by 14× across
providers (1,096 for GPT-5.5 low vs. 15,171 for
Gemini 3 Flash), consistent with different search
strategies expressed in text but inconsistent with
human-like spatial planning, which should not
require proportionally more computation for the
same visual structure.
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This is fundamentally different from human
maze solving. Humans engage spatial perception
directly—tracing paths with their eyes, recognizing
dead ends holistically, and planning routes without
step-by-step enumeration. Models convert vision
to language, then search through language. The
conversion step is lossy (especially for Claude),
and the search step is computationally expensive
relative to the task’s intrinsic difficulty.

Can prompting induce visual reasoning? A nat-
ural question is whether the brute-force strategy is
a prompt artifact—perhaps the standard prompt im-
plicitly encourages grid-based reasoning. We test
this with a modified “visual-intuition” prompt that
explicitly instructs: “Do NOT convert the maze
into a text grid, matrix, or row/column representa-
tion. Do NOT perform step-by-step BFS, DFS, or
any graph-search algorithm in text. Instead, solve
this the way a human would: look at the image,
visually trace the walkable path.”

On 20 representative mazes, GPT-5.4 (low)
scores 17/20 with the visual prompt versus 19/20
with the standard prompt—slightly worse, not bet-
ter. More revealing is what happens when we apply
the visual prompt to Claude Sonnet 4.6, whose
reasoning traces are visible. Despite the explicit
prohibition, Sonnet immediately falls back to grid
enumeration:
Let me map the walls (brown bricks) and

open paths (tan/sand tiles):

Row 0: walls at col 0, col 2; open col 3-8

Row 1: Start at col 1; walls col 1-2, 3-5

[...continues mapping all rows...]

The model does not comply with the instruc-
tion to reason visually; it falls back to grid
enumeration—exactly the strategy the prompt
forbids—and silently violates the constraint rather
than reporting that it cannot solve the task under
the given restrictions. This raises a broader con-
cern about instruction compliance: when a model
lacks the capability to follow a constraint, it pro-
ceeds with a forbidden strategy rather than failing
gracefully.

Text-grid ablation confirms vision is the
bottleneck—for both Claude generations. To
directly test whether Claude’s failure is in vision or
reasoning, we bypass the image encoder entirely:
we provide the model with the correct text grid
(using S, G, ., #, T symbols) instead of the maze
image. We run this ablation on Sonnet 4.6 and on

Model Input Solved Tok/Solve Lat.

Sonnet 4.6 Image (none) 6/100 14,313 16.9s
Sonnet 4.6 Text grid (low) 80/100 3,222 34.8s

Opus 4.7 Image (low) 31/100 13,189 29.1s
Opus 4.7 Text grid (low) 90/100 2,285 18.7s

Table 5: Image vs. text grid on 100 mazes for two
Claude generations. Bypassing vision yields 13× more
solves for Sonnet 4.6 and 2.9× more for Opus 4.7.
Opus 4.7 on text grids reaches 90%—matching GPT-
5.4 medium on images (91%) at lower tokens per solve
(2,285 vs. 2,913).

the newly released Opus 4.7 to test whether the
partial image-input improvement in the 4.7 genera-
tion reflects better vision, better reasoning, or both.
Table 5 shows the results.

With low-effort reasoning on the text grid, Son-
net 4.6 solves 80/100 mazes (13× image input)
and Opus 4.7 reaches 90/100, matching GPT-
5.4 medium on images at fewer tokens per solve
(2,285 vs. 2,913). Token efficiency improves 4.4×
for Sonnet (14,313→3,222) and 5.8× for Opus 4.7
(13,189→2,285). The Opus 4.7 result is especially
informative: even though the 4.7 generation has
clearly improved grid extraction (31% on images
vs. 4% for Opus 4.6), its text-grid score still ex-
ceeds its image score by 59 points—showing that
vision remains the dominant bottleneck. Across
both Claude generations the reasoning engine is
competitive with the best models when given accu-
rate spatial input; the gap on images lives almost
entirely in the image-to-grid translation stage.

Generation, not scale, drives progress; vision
still gates cross-provider ordering. Within the
Claude 4.6 generation, Opus 4.6 solves only
4/100—tied with Haiku 4.5 and consistent with
Claude’s MMMU gap (Yue et al., 2024). The 4.7
generation closes much of this distance (31% on
images, 90% on text grid), showing that progress
comes from generational improvements in image-
to-grid extraction, not scale within a fixed gener-
ation. Gemini’s advantage over 4.6-era Claude
(53–79% vs. 2–6%) is also partly explained by hid-
den default reasoning—Gemini 3 Flash spends a
median of 7,861 thinking tokens per maze—but the
cross-provider ordering on image inputs still tracks
vision quality more than raw reasoning capacity.
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7 Conclusion

We introduced MAZEBENCH, a benchmark of 110
procedurally generated visual mazes that probes
not just whether multimodal models can solve spa-
tial tasks, but how they do so.

Our main message is simple: high accuracy on
visual planning tasks can be misleading. The
strongest models in our benchmark do solve many
mazes, but they do not appear to solve them the way
humans do. Instead, they first translate pixels into
a textual grid and then search for a path in token
space, step by step. This strategy is computation-
ally expensive, brittle under scale, and qualitatively
different from rapid visual path tracing.

This distinction matters for evaluation. GPT-
5.5 reaches 96% on the 100-maze core set and
GPT-5.4 91%, yet both still rely on serial token-
level search and collapse on ultra-hard mazes when
the search no longer fits within the token budget—
GPT-5.5 medium solves only 4/10 ultra-hard mazes
despite cutting tokens-per-solve by 36% on the
core set. Claude models expose the same search
strategy even more clearly, but often on incorrect
grid extractions; when we replace the image with
the correct text grid, Sonnet 4.6 jumps from 6%
to 80% and Opus 4.7 from 31% to 90%, showing
that weak performance can come from poor visual
extraction while strong performance can still come
from brute-force planning on a correct grid.

Taken together, our results suggest that bench-
mark scores should not be read as evidence of
human-like spatial understanding. They are evi-
dence only that a model can eventually produce the
correct answer under a particular compute budget.
To measure genuine multimodal progress, we need
evaluations that track not just correctness, but also
strategy, efficiency, and failure mode.

Limitations

MAZEBENCH relies on procedurally gener-
ated pixel-art mazes and proprietary API-based
models, and cross-provider reasoning controls
(none/low/medium vs. Anthropic adaptive think-
ing vs. Gemini’s hidden internal reasoning) are
not perfectly comparable. We do not include a
human-timing baseline, and we evaluate each con-
figuration with a single seed; the resulting solve
counts therefore lack confidence intervals. Future
work should extend the setup to open-weight mod-
els, human-timing baselines, multi-seed evaluation,
and broader visual planning tasks.
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A Complete Maze Dataset by Group

Figures 2–10 show every maze in the benchmark organized by experimental group.

Figure 2: Group A: Diagnostic (8 mazes). Empty or near-empty grids with trivial straight-line paths.

Figure 3: Group B: Grid Scale (15 mazes). Constant 25% wall density, grid sizes from 5× 5 to 13× 13.
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Figure 4: Group C: Wall Density (15 mazes). Constant 9× 9 grid, density from 0% to 45%.

Figure 5: Group D: Trap Ablation (12 mazes). Six matched pairs—control (no traps) and treatment (with traps)—
sharing the same random seed.
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Figure 6: Group E: Unreachable (14 mazes). All mazes have no valid path from start to goal.

Figure 7: Group F: Border Walls (10 mazes). Five matched pairs with and without a wall border ring.
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Figure 8: Group G: Combined Hard (16 mazes). Large grids with high wall density, traps, and borders.

Figure 9: Group H: Palette Stress (10 mazes). Same maze structure rendered across four visual palettes.
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Figure 10: Group X: Ultra-Hard (10 mazes). 20× 20 grids with 8–25 traps and shortest paths of 28–42 steps.
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Abstract

Vision–language models (VLMs) achieve
strong multimodal performance but remain
prone to relation hallucination, which requires
accurate reasoning over inter-object interac-
tions. We study the impact of visual perturba-
tions, specifically rotation and noise, and show
that even mild distortions significantly degrade
relational reasoning across models and datasets.
We further evaluate prompt-based augmenta-
tion and preprocessing strategies (orientation
correction and denoising), finding that while
they offer partial improvements, they do not
fully resolve hallucinations. Our results reveal
a gap between perceptual robustness and rela-
tional understanding, highlighting the need for
more robust, geometry-aware VLMs.

1 Introduction

Vision–language models (VLMs) have been widely
deployed across a range of applications, includ-
ing object recognition (Feng et al., 2025; Jin et al.,
2024), scene understanding (Liao et al., 2024; Sel-
vam et al., 2025), and multimodal reasoning (Jiang
et al., 2025; Xu et al., 2025). Despite their im-
pressive capabilities, these models are known to
exhibit hallucinations, where the generated out-
puts are inconsistent with the visual input. Such
hallucinations typically manifest in three forms:
object hallucination, attribute hallucination, and
relation hallucination (Bai et al., 2025). Among
these, relation hallucination remains particularly
challenging, as it requires accurately capturing in-
teractions and spatial relationships between objects
rather than simply identifying their presence or at-
tributes (Zheng et al., 2025).

In this work, we observe that relation hallu-
cination is highly sensitive to visual perturba-
tions, such as image noise and rotation, as illus-
trated in Fig. 1. While often studied indepen-
dently, rotation and noise represent complementary

Figure 1: VLM response under visual perturbations.

failure modes—rotation disrupts geometric invari-
ance, while noise degrades visual fidelity—and fre-
quently co-occur in real-world settings, jointly af-
fecting both structure and quality. While one might
argue that rotating an image can alter perceived
spatial relationships, humans naturally compensate
for such transformations by mentally correcting ori-
entation and still infer consistent object relations.
In contrast, VLMs often fail to exhibit this invari-
ance, leading to significantly degraded relational
reasoning under such conditions.

To systematically investigate this phenomenon,
we make the following contributions:

• Comprehensive Analysis: We conduct a sys-
tematic study of relation hallucination un-
der varying noise and rotation—capturing
both geometric and photometric perturba-
tions—across multiple VLMs and datasets,
providing a unified evaluation of robustness.

• Prompt-Based Intervention: We analyze how
incorporating auxiliary prompts (e.g., rota-
tion metadata or noise descriptions) influences
model outcome and hallucination behavior.

• Mitigation Strategy: We propose a practi-
cal mitigation approach by introducing pre-
processing modules—such as rotation correc-
tion and denoising—prior to VLM inference,
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demonstrating improved robustness in rela-
tional reasoning.

2 Related Work

Hallucination in vision–language models can be
categorized into object, attribute, and relation hallu-
cination, with the latter being the most challenging
due to its reliance on inter-object dependencies and
spatial reasoning (Bai et al., 2025). Existing bench-
marks study relation hallucination using yes/no and
multiple-choice formats (Nie et al., 2025; Wu et al.,
2024; Zheng et al., 2025), but largely focus on clean
visual inputs.

Recent work has explored VLM robustness
under visual perturbations, showing that noise
and rotation can significantly degrade perfor-
mance (Zhang et al., 2025; Shin et al., 2025; Niu
et al., 2026). However, these studies consider per-
turbations in isolation and do not directly address
their impact on relation hallucination.

While preprocessing methods such as orienta-
tion detection and denoising (Barbosa, 2025; Chen
et al., 2025; Yu et al., 2024) improve visual qual-
ity, their effectiveness in mitigating hallucination
remains unclear. In contrast, our work systemat-
ically studies the combined effects of noise and
rotation on relation hallucination and evaluates
both prompt-based and preprocessing-based miti-
gation strategies, bridging robustness analysis with
hallucination-specific evaluation.

3 Rotation Analysis

To evaluate our hypothesis on the effect of ro-
tation on relation hallucination, we utilize three
benchmark datasets: MMRel (Nie et al., 2025),
R-Bench (Wu et al., 2024), and Reefknot (Zheng
et al., 2025). Given that each dataset exhibits dis-
tinct characteristics and potential overlaps in image
sources and annotations, we carefully curate sub-
sets to ensure a fair and non-redundant evaluation.

Specifically, we remove duplicate im-
age–question pairs and avoid overlapping
samples across datasets, while maintaining
diversity in relational queries. Through this
selective curation process, we construct evaluation
sets comprising 1,632 image–question pairs for
MMRel, 3,466 pairs for R-Bench, and Reefknot
subsets with 1,185 multiple-choice questions and
2,922 binary (yes/no) questions. This rigorous
selection enables a consistent and unbiased
analysis of relation hallucination under rotational

Model No Rotation (Orig) 90° 270°

Qwen2-VL 7B 78.02 72.07 72.65
InternVL2 8B 79.80 75.36 75.62
LLaVA-Next 8B 80.29 78.85 78.56
DeepSeek-Janus 7B 64.66 64.66 64.66
LLaMA-3.2 11B (Vision) 81.16 77.29 77.44

Table 1: Performance (%) of open-source vision–
language models on R-Bench under different rotation
settings.

perturbations.

3.1 Experimental Setup for Rotation-Induced
Relation Hallucination

To investigate the effect of image rotation on re-
lation hallucination, we apply controlled clock-
wise (90◦) and counterclockwise (270◦) rota-
tions to the input images. We evaluate both
rotation directions using five open-source vi-
sion–language models—Qwen2-VL 7B (Wang
et al., 2024), InternVL2 8B (Chen et al., 2024),
LLaVA-Next 8B (Liu et al., 2024), DeepSeek-
Janus 7B (DeepSeek-AI, 2024), and LLaMA-3.2
11B (Vision) (Meta AI, 2024)—on the R-Bench
dataset which we select as a representative bench-
mark due to its balanced coverage of relational rea-
soning tasks and manageable scale for controlled
experimentation across multiple models.

As shown in Tab. 1, we observe no significant
performance difference between 90 degrees clock-
wise and counterclockwise rotations. Therefore,
for clarity and consistency, we report results using
the clockwise rotation setting throughout the paper.
We exclude 180° rotations, as such transformations
are less representative of real-world viewing condi-
tions and largely preserve global object configura-
tions without introducing meaningful ambiguity in
relational reasoning.

For evaluation, we employ three widely used
closed-source vision–language models: GPT-
5.1 (OpenAI, 2026), Gemini 2.5 Pro (DeepMind,
2026), and Claude Sonnet 4.5 (Anthropic, 2026).
These models are selected due to their strong mul-
timodal reasoning capabilities and broad adoption
in recent studies.

During inference, each model is provided with
the rotated image and the original question prompt,
without any additional guidance or metadata. The
generated responses are then compared against
the ground-truth answers provided in each dataset.
Quantitative results and comparative analyses are
summarized in Tab. 2. Overall, we observe a con-
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Category GPT-5.1 Gemini 2.5 Pro Claude Sonnet 4.5

Reefknot Y/N (orig) 76.61 75.41 72.25
Reefknot Y/N (cw) 73.03 71.73 65.20

Reefknot MCQ (orig) 88.51 86.08 80.08
Reefknot MCQ (cw) 82.61 80.92 73.33

R-Bench Y/N (orig) 80.15 75.97 79.69
R-Bench Y/N (cw) 78.51 48.93 72.74

MMRel Y/N (orig) 89.83 90.87 64.03
MMRel Y/N (cw) 58.82 53.25 30.45

Table 2: Accuracy (%) of vision-language models under
original (orig) and clockwise rotated (cw) settings across
Reefknot, R-Bench, and MMRel datasets.

sistent performance degradation under clockwise
rotation across all models and datasets, confirm-
ing the sensitivity of VLMs to geometric pertur-
bations in relational reasoning task. We focus on
closed-source VLMs as they represent state-of-the-
art, widely deployed systems and must be evaluated
under realistic black-box conditions, ensuring our
findings generalize to real-world applications.

3.2 Mitigating Rotation-Induced Relation
Hallucination: Prompting vs.
Preprocessing

From Tab. 1 and Tab. 2, we observe that image
rotation consistently increases relation hallucina-
tion, motivating the need for effective mitigation
strategies. To address this issue, we explore two
approaches: (1) prompt-based augmentation using
rotation metadata and (2) preprocessing via image
orientation correction.

First, we investigate whether incorporating
auxiliary prompts—specifically rotation informa-
tion—can improve model robustness. Our hypoth-
esis is that providing explicit orientation metadata
may help VLMs compensate for geometric transfor-
mations and thus reduce hallucination. We conduct
this analysis using GPT-5.1, which demonstrated
relatively strong robustness on the Reefknot dataset
under rotation. The Reefknot dataset contains both
perceptual questions (orientation-related) and cog-
nitive questions (action/interaction-related). How-
ever, as shown in Fig. 2, incorporating rotation
metadata as an additional prompt yields minimal
improvement in accuracy, suggesting that prompt-
based guidance alone is insufficient to mitigate re-
lation hallucination.

In contrast, we explore a preprocessing-based
approach using a lightweight image orientation
detector (Barbosa, 2025). We evaluate this de-
tector on a modified Reefknot dataset with ran-
domly applied 90° and 270° rotations. The detec-

Figure 2: Effect of rotation metadata on VLM accuracy.
(Reefknot, GPT-5.1)

tor achieves 99.66% accuracy on multiple-choice
questions (MCQ) with a downstream accuracy of
95.04% (Cognitive) and 73.84% (Perceptual) for
GPT-5.1 and 99.38% accuracy on yes/no (Y/N)
questions with a downstream accuracy of 80.14%
(Cognitive) and 71.59% (Perceptual) for GPT-5.1.
These results indicate that correcting image orien-
tation prior to VLM inference is a highly effective
strategy, and is more reliable than relying on addi-
tional prompting to convey rotation information.

4 Noise Analysis

To evaluate noise effects on relation hallucination,
we adopt 19 corruption types from (Zhang et al.,
2025; Hendrycks and Dietterich, 2019) across Reef-
knot, R-Bench, and MMRel, grouped into six cate-
gories (A–F). We exclude weather (E) and geomet-
ric/structural (F) corruptions, as they introduce un-
realistic artifacts and alter scene geometry, thereby
invalidating ground-truth object relationships.

From the remaining geometry-preserving cat-
egories (A–D: noise-based, blur/distortion, com-
pression/resolution, and photometric/color corrup-
tions), we select one representative corruption
each—Impulse Noise, Gaussian Blur, Pixelate, and
Saturate—to enable a controlled and interpretable
evaluation while preserving spatial relationships
critical for assessing relation hallucination.

4.1 Impact of Noise Corruptions and Severity
on Relation Hallucination

To examine the effect of noise on relation hal-
lucination, we apply four representative corrup-
tions—Impulse Noise, Gaussian Blur, Pixelate, and
Saturate—at severity level 2. We hypothesize that
introducing such perturbations would increase hal-
lucination by degrading visual fidelity and disrupt-
ing relational cues. We evaluate this using the Reef-
knot dataset with GPT-5.1. As shown in Tab. 3, we
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Category Baseline Gaussian Blur Impulse Noise Pixelate Saturate

MC – Perceptual 74.09% 62.18% 64.77% 63.47% 63.73%
YN – Perceptual 72.04% 69.69% 69.36% 69.88% 70.22%
MC – Cognitive 95.36% 91.99% 91.86% 92.61% 92.49%
YN – Cognitive 80.64% 75.05% 76.14% 76.92% 77.19%

Table 3: Impact of noise corruptions (severity level 2)
on relation hallucination performance using GPT-5.1 on
the Reefknot dataset. Results are reported as correct
predictions (accuracy %). All corruption types lead to
performance degradation compared to the baseline.

Figure 3: Effect of corruption severity on relation hallu-
cination performance. (MMRel dataset, GPT-5.1)

observe a consistent decrease in accuracy across
both yes/no and multiple-choice settings, as well as
across perceptual and cognitive tasks, confirming
the negative impact of noise on relational reason-
ing.

Furthermore, we analyze the effect of increasing
corruption severity using GPT-5.1 on the MMRel
dataset. As reported in Fig. 3, performance gen-
erally degrades as severity increases. However,
saturate occasionally improves accuracy, likely be-
cause enhanced color contrast strengthens salient
cues, making object relationships easier for VLMs
to detect.

4.2 Mitigating Noise-Induced Relation
Hallucination: Prompting vs. Denoising

From Tab. 3 and Fig. 3, we observe that relation
hallucination consistently worsens as image noise
increases, confirming the sensitivity of VLMs to vi-
sual corruptions. Motivated by this, we explore two
mitigation strategies: (1) prompt-based augmenta-
tion using noise information and (2) preprocessing
via image denoising prior to model inference.

From Tab. 4, we compare the effectiveness
of prompt-based augmentation and preprocessing-
based denoising for mitigating noise-induced rela-
tion hallucination. Overall, both approaches pro-
vide limited but non-negligible improvements, with
effectiveness varying across datasets and corrup-
tion types.

Dataset Corruption Acc (%) Drop (pp) Acc-D (%) Drop-D (pp)

MMRel

Gaussian Blur 86.70 3.12 89.34 0.49
Impulse Noise 87.32 2.51 88.97 0.86
Pixelate 86.58 3.25 89.34 0.49
Saturate 85.54 4.29 87.68 2.15

R-Bench

Gaussian Blur 80.84 8.99 80.06 9.76
Impulse Noise 80.35 9.48 80.18 9.65
Pixelate 80.24 9.59 80.18 9.65
Saturate 78.04 11.78 77.44 12.39

Table 4: Comparison of noise corruption (S2) and
preprocessing-based denoising on relation hallucination
across MMRel and R-Bench using GPT-5.1. Acc/Drop
denote results under corruption, while Acc-D/Drop-D
denote results after denoising.

On R-Bench, performance drops remain large
(9–12 pp) under both settings, indicating that de-
noising alone cannot fully recover relational rea-
soning under severe noise. In contrast, on MM-
Rel, denoising yields smaller drops (0.5–4 pp) and
generally outperforms prompt-based augmentation,
suggesting benefits when underlying visual struc-
ture is preserved.

For denoising, we evaluate state-of-the-art
restoration models (Chen et al., 2025; Yu et al.,
2024) and select outputs using LPIPS (Zhang et al.,
2018), PSNR, and SSIM (Wang et al., 2004). De-
spite improved perceptual quality, gains in rela-
tional reasoning are inconsistent, indicating a gap
between low-level restoration and high-level under-
standing.

Overall, denoising is a useful but condition-
dependent strategy: it helps when noise affects
low-level features, but is less effective when re-
lational cues are disrupted or task complexity is
high

5 Conclusion

In this work, we study relation hallucination in
VLMs under rotation and noise, showing that even
simple perturbations significantly degrade rela-
tional reasoning, with larger effects on complex
datasets. While prompting and preprocessing (ori-
entation correction and denoising) provide partial
improvements, they fail to fully recover perfor-
mance, and gains in perceptual quality do not con-
sistently translate to better reasoning. These results
reveal a gap between perceptual robustness and
relational understanding, motivating more robust,
geometry-aware VLM designs.
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Abstract
General-purpose vision-language models
(VLMs) such as LLaVA and QwenVL produce
descriptions of disaster imagery that lack
domain-specific vocabulary and actionable
detail. We propose the Vision-Language
Caption Enhancer (VLCE), a framework that
integrates external semantic knowledge from
ConceptNet and WordNet into the caption
generation process for post-disaster satellite
and UAV imagery. VLCE operates in two
stages: first, a baseline VLM generates an
initial caption conditioned on YOLOv8 object
detections; second, a knowledge-enriched
sequential model, a CNN-LSTM or a hierar-
chical cross-modal Transformer, refines the
caption using a vocabulary augmented with
1,566 domain-relevant terms extracted from
knowledge graphs. We evaluate VLCE on two
disaster benchmarks: xBD (satellite, 6,369
images, 3 damage classes) and RescueNet
(UAV, 4,494 images, 12 damage classes),
using CLIPScore for semantic alignment and
InfoMetIC for informativeness. On RescueNet
with the Transformer decoder, VLCE with
knowledge graph enrichment produces
captions preferred over QwenVL baselines
in 95.33% of image pairs on InfoMetIC
and 73.64% on CLIPScore. Qualitative
analysis shows that without knowledge
graph integration, generated captions exhibit
hallucinations, word repetition, and semantic
incoherence, whereas knowledge-enriched
captions maintain factual consistency and
domain-appropriate vocabulary. intended as a
continuous, extensible monitor of differential
framing under changing real-world inputs.

1 Introduction

Natural disasters cause widespread destruction
to infrastructure, ecosystems, and communities.
Rapid and accurate assessment of post-disaster
damage is critical for coordinating emergency re-
sponse, allocating resources, and planning recov-
ery efforts. Satellite and unmanned aerial vehicle

Figure 1: Post-hurricane disaster imagery from the Res-
cueNet dataset.

(UAV) images are now the main sources of data
for disaster assessment. They give clear pictures of
large areas of land.

Recent advances in vision-language models
(VLMs) have enabled the automatic generation of
textual descriptions from images. Models such
as LLaVA (Liu et al., 2023) and QwenVL (Bai
et al., 2023) achieve strong performance on gen-
eral image captioning benchmarks. However, when
applied to post-disaster imagery, these models pro-
duce generic descriptions, lack domain-specific ter-
minology, and fail to capture the nuanced damage
indicators that responders require. A caption stat-
ing “buildings in a residential area” provides little
actionable information compared to one identifying
“severely damaged roof structures with debris fields
and evidence of flooding in surrounding roadways.”

This gap arises because general-purpose VLMs
are trained mainly on everyday imagery and lack
exposure to the specialized vocabulary and visual
patterns characteristic of disaster scenarios (Mason
and Charniak, 2014). The value of contextual cap-
tioning is illustrated in Figure 1. A model without
domain knowledge produces: “A satellite image
depicts a community from an aerial perspective,
revealing multiple dwellings and streets” In con-
trast, a knowledge enriched model generates: “The
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image shows the aftermath of Hurricane Michael,
which inflicted major damage to infrastructure
and the environment. Roads and streets are clut-
tered with debris from destroyed structures, such as
fallen trees and scattered items. Trees in the region
have suffered varied degrees of damage, with some
seeming damaged or totally fallen. Buildings show
different degrees of destruction, ranging from com-
paratively intact ones to those with obvious traces
of catastrophic damage. The entire scene depicts
the ongoing recovery and rebuilding activities in
the aftermath of the catastrophe”, defining the type
of disaster, outlining the effects on infrastructure,
and communicating the state of recovery. Adding
domain-relevant outside knowledge to the caption
generation pipeline is necessary to overcome this
constraint.

1.1 Our Contributions

We propose VLCE (Vision-Language Caption En-
hancer), a framework that enriches disaster image
captioning through external knowledge graph inte-
gration. Our contributions are as follows:

1. Knowledge-enriched captioning framework.
We introduce a two-stage pipeline that combines
baseline VLM captions with knowledge graph-
augmented sequential models. The system ex-
tracts keywords from training captions using
RAKE, looks up related terms in ConceptNet
and WordNet, and builds a vocabulary of 3,195
words (1,566 from knowledge graphs) that helps
create more accurate descriptions of disasters.

2. Dual architecture for satellite and UAV im-
agery. We create two different decoder designs:
one is a CNN-LSTM model that combines vi-
sual and text information, and the other is a
hierarchical cross-modal Transformer that pro-
cesses visual information. Each architecture is
paired with a domain-specific image encoder:
ResNet50-EuroSAT for satellite imagery and a
ViT-based UAV classifier for drone imagery.

3. Comprehensive evaluation on disaster bench-
marks. We evaluate xBD and RescueNet using
CLIPScore and InfoMetIC, which are two com-
plementary metrics that together capture both
semantic alignment and informational content.
We show that knowledge graph integration is
essential, and without it, the quality of captions
for UAV images drops significantly (less than
2% preference on both metrics for RescueNet),

but with it, the Transformer model gets up to
95.33% preference compared to standard VLMs
on InfoMetIC.

2 Related Work

Satellite-based damage assessment has progressed
from manual interpretation to automated deep
learning pipelines. The xBD dataset (Gupta et al.,
2019) established a large-scale benchmark for
building damage classification from satellite im-
agery, while RescueNet (Rahnemoonfar et al.,
2023) extended coverage to UAV-captured scenes
with fine-grained damage categories. Alisjahbana
et al. (Alisjahbana et al., 2024) proposed a two-
step CNN for building damage segmentation (0.66
F1). Abbas and Dang (Abbas and Dang, 2023)
investigated CNN-based caption generation for dis-
aster areas (BLEU-1: 0.8731, CIDEr: 5.0908), and
Chun et al. (Chun et al., 2022) applied deep learn-
ing for bridge damage descriptions (92.9% accu-
racy). Multimodal approaches combining image
and text data have shown promise for disaster clas-
sification (Zou et al., 2021; Kota et al., 2022). Most
existing methods focus on damage classification
rather than free-form description generation.

LLaVA (Liu et al., 2023) pairs a CLIP ViT-L/14
encoder with a LLaMA decoder through visual
instruction tuning. QwenVL (Bai et al., 2023) ex-
tends the Qwen language model with a vision en-
coder for multi-image understanding. Cornia et
al. (Cornia et al., 2020) explored meshed-memory
Transformers for captioning (CIDEr 132.7 on MS
COCO). Chen and Li (Chen and Li, 2025) intro-
duced multi-modal graph aggregation Transform-
ers. While these models excel on general bench-
marks, their application to specialized domains
such as disaster assessment remains limited by
training data distribution (Mason and Charniak,
2014).

External knowledge bases have been used to en-
hance language understanding across a range of
tasks. ConceptNet (Schön et al., 2019) provides
commonsense relational knowledge, while Word-
Net offers lexical relationships including synonymy
and hypernymy. ConceptNet Numberbatch embed-
dings combine distributional semantics with struc-
tured knowledge, producing word vectors that en-
code both corpus statistics and relational informa-
tion. Zhou et al. (Zhou et al., 2019) applied knowl-
edge graphs to captioning on MS COCO and Visual
Genome. Zhao and Wu (Zhao and Wu, 2024) pro-
posed multi-modal KG methods for graph attention
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captioning. Tang et al. (Tang et al., 2022) intro-
duced KG-guided attention for CNN-LSTM mod-
els. Wang et al. (Wang et al., 2024) explored KG
strategies for remote sensing captioning. Despite
these advances, KG application to disaster-specific
imagery has not been explored.

Pre-trained word embeddings serve as the bridge
between discrete vocabulary tokens and continu-
ous neural network inputs. Comparative analy-
ses (Toshevska et al., 2020; Elbedwehy et al., 2023)
have evaluated embeddings for captioning. CLIP-
Score (Hessel et al., 2021) provides reference-free
semantic alignment, while InfoMetIC (Hu et al.,
2023) assesses informativeness. YOLOv8 (Talib
et al., 2024) has been adopted for object detection
in UAV (Zhai et al., 2023; Wang et al., 2023) and
general scenarios (Rasheed and Zarkoosh, 2025).

3 Methodology

Figure 2 illustrates the VLCE pipeline. The frame-
work works in two steps: 1) first, it creates basic
captions using a ready-made VLM, and 2) it im-
proves those captions with extra knowledge using
a trained sequential model.

3.1 Baseline Caption Generation

We generate initial captions using two VLMs with
complementary characteristics. YOLOv8 (Talib
et al., 2024) first performs object detection on
each input image I , producing an annotation set
A = {(bi, ℓi)}K

i=1 where the bounding box coordi-
nates bi ∈ R4 and the class label ℓi ∈ L. These
annotations are integrated into a textual prompt
P (A) describing the scene to guide the VLM.

LLaVA-7B v1.5. We use the LLaVA-7B v1.5
model (Liu et al., 2023), made of a CLIP ViT-
L/14 visual encoder with a LLaMA language de-
coder. The encoder produces patch embeddings
V = ϕ(I) = [v1, . . . , vN ] ∈ RN×D, concate-
nated with the prompt into sequence s. The de-
coder generates the caption autoregressively: ŷ =
arg maxy P (y | s). Generation uses T = 0.2 with
a maximum output length of 4,000 tokens.

QwenVL-7B Instruct. We use the QwenVL-
7B Instruct model (Bai et al., 2023) with greedy
decoding and a maximum output length of 128
tokens. The vision encoder creates V =
QwenVLvision(I) ∈ RH×W ×D. An event type e
and annotations are included in a structured prompt
P (A, e): ŷ = arg maxy P (y | V, P (A, e)).

These two baselines differ substantially in output
characteristics. LLaVA produces longer, more de-
tailed descriptions, while QwenVL generates con-
cise captions.

3.2 Knowledge Graph Vocabulary
Enrichment

The vocabulary enrichment process constructs a
domain-specific lexicon from the training captions
augmented with external knowledge:

Step 1: Keyword extraction. We apply the
RAKE algorithm to all training captions. With
it we extract ranked keyword phrases that capture
disaster-relevant concepts such as “debris field,”
“structural damage,” and “emergency response”.

Step 2: ConceptNet expansion. For each ex-
tracted keyword, we query the ConceptNet API,
retrieving up to 10 semantically related terms per
keyword. Relation filtering omits synonyms to fo-
cus on conceptual connections (e.g., “hurricane”
→ “wind,” “flooding,” “evacuation”).

Step 3: WordNet synonym enrichment. Each
keyword is additionally queried against WordNet to
retrieve synonyms, providing lexical variety. Over-
lapping substrings are removed to prevent redun-
dancy.

Step 4: Vocabulary construction. We filter out
invalid English words and remove duplicates from
the union of the original caption words, Concept-
Net terms, and WordNet synonyms. This gives
us a final vocabulary of 3,195 tokens, of which
1,566 (49%) are terms that were not in the original
training captions but were added to the knowledge
graph. Boundary tokens (startseq, endseq) are
added, and sequences are padded to max length
192.

3.3 Embedding Strategies

We evaluate two embedding strategies that differ in
whether they encode structured knowledge:

With knowledge graph (KG). ConceptNet
Numberbatch embeddings are 300-dimensional
word vectors. They are pre-trained to encode both
distributional statistics and relational knowledge
from ConceptNet. Each term t is mapped to:

et =
{

find(D, t) if t ∈ D

erand ∼ U(−ϵ, ϵ) otherwise
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Figure 2: The VLCE pipeline. YOLOv8 generates scene-aware prompts for a baseline VLM (LLaVA or QwenVL)
based on object detection in the input image. ConceptNet and WordNet queries are used to enhance keywords that
were taken from training captions using RAKE, creating a vocabulary unique to the domain. The final caption is
produced by training a sequential model with the enriched vocabulary and matching embeddings.

The embedding layer is initialized with these vec-
tors. It remains frozen during training, preserving
structured semantic relationships. The final embed-
ding matrix is E ∈ R|V |×300.

Without KG. DistilBERT embeddings (768-
dimensional) provide contextual representations
learned from large-scale text corpora without
explicit knowledge graph structure: ew =
BERT(w)[CLS]. This serves as an ablation to isolate
the contribution of structured knowledge.

3.4 Image Encoders

We select image encoders pre-trained on data dis-
tributions matching our target domains:

ResNet50-EuroSAT. For satellite imagery
(xBD), we use a ResNet50 model pre-trained
on the EuroSAT land-use classification dataset1,
producing 2,048-dimensional feature vectors.
Images are resized to 336 × 336 pixels.

ViT-UAV. For UAV imagery (RescueNet), we use
a Vision Transformer pre-trained on a UAV image
classification task2, producing 768-dimensional

1https://huggingface.co/cm93/resnet50-eurosat
2https://huggingface.co/SeyedAli/

Remote-Sensing-UAV-image-classification

feature vectors via global average pooling. Images
are resized to 224 × 224 pixels.

3.5 Sequential Decoders

We design two decoder architectures to investigate
how different sequence modeling approaches inter-
act with knowledge-enriched vocabularies.

3.5.1 CNN-LSTM Decoder
The CNN-LSTM decoder (Figure 3) uses additive
fusion of visual and textual features. Given an im-
age feature vector v ∈ Rdv (where dv = 2048 for
ResNet50 or dv = 768 for ViT-UAV) and caption
tokens w1, . . . , wT :

fimg = ReLU(Wv · Dropout0.5(v)) ∈ R256

ftxt = LSTM256(Dropout0.5(E[w1, . . . , wT ])) ∈ R256

h = ReLU(Wh · (fimg + ftxt)) ∈ R256

P (wt+1 | w1:t, v) = softmax(Wo · h)
(1)

where E is the embedding matrix (initialized
from ConceptNet Numberbatch or DistilBERT and
frozen), and Wv, Wh, Wo are learned projection
matrices.

3.5.2 Hierarchical Cross-Modal Transformer
Decoder

The Transformer decoder (Figure 4) introduces a
hierarchical visual encoding scheme that captures
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Figure 3: CNN-LSTM architecture with visual and tex-
tual branches.

Figure 4: Hierarchical cross-modal Transformer archi-
tecture.

multi-scale spatial information, followed by cross-
modal attention for visually grounded text genera-
tion.
Multi-scale visual encoding. The vector of im-
age characteristics v ∈ Rdv is projected in three
complementary representations:

fglobal = ReLU(Wgv + bg) ∈ Rdmodel

Fregional = Densedmodel

(
Reshape4×dmodel/4(ReLU(Wrv + br))

)

∈ R4×dmodel

Flocal = Densedmodel

(
Reshape12×dmodel/12(ReLU(Wlv + bl))

)

∈ R12×dmodel

(2)
These are concatenated and normalized to form

the visual context:

Fv = LayerNorm([fglobal; Fregional; Flocal]) ∈ R17×dmodel (3)

Cross-modal decoding. Input tokens are embed-
ded with frozen pre-trained matrix E and sinu-
soidal positional encodings: H(0) = E[w1:T ] +
PE(w1:T ). Each of the L decoder layers applies
causal self-attention over caption tokens, followed
by cross-attention over the visual context:

Aself = MultiHead(Q, K, V, Mcausal)
Across = MultiHead(H, Fv, Fv)

(4)

where H is the output of the self-attention sublayer
and Mcausal enforces the autoregressive property.

Output generation. Global visual semantics are
fused with textual representations:

cvisual = GlobalAvgPool(Fv)

ŷt = DenseV

(
LayerNorm

(
[h(L)

t ; cvisual]
)) (5)

3.6 Training
All models use dmodel = demb = 300, L = 2
Transformer layers with h = 6 attention heads, and
are trained with masked sparse categorical cross-
entropy loss:

L = − 1∑T

t=1
mt

T∑

t=1

mt log P (wt | w<t, Fv ; θ) (6)

where mt ∈ {0, 1} masks padding positions.
Batch size is 32, maximum sequence length 192
tokens. Captions are bounded by startseq and
endseq tokens. At inference, generation proceeds
autoregressively until the stop token or maximum
length is reached. The complete pipeline is formal-
ized in Algorithm 1.

4 Experimental Setup

4.1 Datasets
xBD (Gupta et al., 2019).A satellite imagery dataset
for building damage assessment containing 12,738
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Algorithm 1 VLCE: Knowledge Graph-Enhanced
Caption Refinement
Require: Disaster image dataset D = {I1, . . . , In}
Ensure: Enhanced captions CEnhanced

1: Stage 1: Baseline Caption Generation
2: for each image Ii ∈ D do
3: Oi ← YOLOv8(Ii); Pi ←

ConstructPrompt(Ii, Oi)
4: CVLM

i ← VLM(Ii, Pi)
5: end for

6: Stage 2: Knowledge Preparation
7: VEnriched ← Vocab({CVLM

i }) ∪
RAKE+ConceptNet+WordNet

8: E ← BuildEmbeddings(VEnriched)

9: Stage 3: Training
10: FImg ← EVisual(D); TrainNθ on (FImg,VEnriched, E)

11: Stage 4: Enhanced Caption Generation
12: for each image Ii do
13: CEnhanced

i ← Decode(Ii,Nθ)
14: end for
15: return CEnhanced

images. We use 6,369 post-disaster images, merg-
ing “major-damage” and “minor-damage” into a
single “damaged” class to yield three labels: no-
damage, damaged, and destroyed. Split: 80/20
(5,095 train / 1,274 test).RescueNet (Rahnemoon-
far et al., 2023). A UAV imagery dataset captured
after Hurricane Michael, containing 4,494 images
at 3,000 × 4,000 pixel resolution across 12 fine-
grained damage categories. Split: 80/20.

4.2 Evaluation Metrics

We evaluate using two complementary metrics:
CLIPScore (Hessel et al., 2021), which computes
the cosine similarity between CLIP embeddings
(openai/clip-vit-base-patch32) of the image
and generated caption. For each test image, we
compare the CLIPScore of the VLCE-generated
caption against the baseline VLM caption and
note the percentage of images where VLCE scores
higher. Another one is InfoMetIC (Hu et al., 2023),
a composite metric: α · Informativeness + β ·
Relevance + γ · Precision, where Informativeness
is computed as the average negative log-probability
of caption words conditioned on the image using
a vision-language model. InfoMetIC penalizes
generic descriptions and rewards information-rich
captions.

4.3 Configurations

We associate each decoder architecture with a des-
ignated baseline VLM: CNN-LSTM with LLaVA

and Transformer with QwenVL. Each pairing is as-
sessed with and without knowledge graph enhance-
ment across both datasets (RescueNet/ViT-UAV
and xBD/ResNet50-EuroSAT).

5 Results

5.1 Main Results

Table 1 presents the percentage of test images
where VLCE captions score higher than the cor-
responding baseline VLM caption. Values above
50% indicate VLCE outperforms the baseline for
the majority of images.

5.2 Key Findings

Knowledge graph integration is critical for UAV
imagery. On RescueNet, removal of knowledge
graph (KG) enrichment causes near-complete per-
formance collapse for both architectures (Figure 8).
The CNN-LSTM without KG achieves only 0.56%
CLIPScore preference and 1.22% InfoMetIC pref-
erence. The Transformer without KG drops to
0.22% and 0.08%, respectively. The 12-class dam-
age taxonomy of RescueNet requires exact termi-
nology that the model cannot learn from limited
training captions alone.

The Transformer with KG achieves the
strongest results. The best configuration is the
Transformer decoder with ViT-UAV encoder and
KG enrichment on RescueNet, achieving 73.64%
CLIPScore and 95.33% InfoMetIC preference over
QwenVL (Figure 5, Figure 6). The gap between
metrics indicates VLCE captions are substantially
more informative than the QwenVL baseline, even
in cases where visual alignment scores are compet-
itive.

Satellite imagery is more forgiving. On xBD,
CNN-LSTM without KG still achieves 55.34%
CLIPScore and 66.41% InfoMetIC preference. The
lower label complexity (3 vs. 12 classes) and the
ResNet50-EuroSAT encoder’s satellite-specific pre-
training partially compensate for the absence of
knowledge-enriched vocabulary.

Architecture-specific patterns. The CNN-
LSTM shows binary behavior on RescueNet: it
works with KG or fails without. The Transformer
exhibits more graceful degradation on xBD without
KG. It achieves a 22.14% CLIPScore, suggesting
cross-attention can partially compensate for
missing vocabulary knowledge on simpler scenes.
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Table 1: Percentage of test images where VLCE captions score higher than the baseline VLM caption. CNN-LSTM
models are compared against LLaVA; Transformer models against QwenVL. Bold indicates VLCE outperforms the
baseline on the majority of images.

CLIPScore (%) InfoMetIC (%)

Decoder Baseline Dataset KG VLCE Baseline VLCE Baseline

CNN-LSTM LLaVA

RescueNet Yes 52.95 47.05 54.51 45.49
RescueNet No 0.56 99.44 1.22 98.78
xBD Yes 51.10 48.90 66.56 33.44
xBD No 55.34 44.66 66.41 33.59

Transformer QwenVL

RescueNet Yes 73.64 26.36 95.33 4.67
RescueNet No 0.22 99.78 0.08 99.92
xBD Yes 60.60 39.40 69.86 30.14
xBD No 22.14 77.86 18.76 81.24

Table 2: Relevant object counts across model configurations.

Exp. Configuration VLCE LLaVA QwenVL Best

ViT-UAV / RescueNet

1 With Knowledge Graph 272 185 201 VLCE
2 Without Knowledge Graph 272 178 195 VLCE

ResNet-EuroSAT / xBD

3 With Knowledge Graph 640 445 463 VLCE
4 Without Knowledge Graph 640 431 448 VLCE

Summary

Avg. improvement over LLaVA +45.2% – – –
Avg. improvement over QwenVL +38.7% – – –

Experiments won 4/4 0/4 0/4 –

5.3 Quantitative Analysis

Figures 5–8 aggregate the quantitative findings.
Two observations are noteworthy. The KG abla-
tion (Figure 7) demonstrates that the Transformer
architecture derives much bigger advantages from
KG on RescueNet (+73.4 pp CLIPScore, +95.3
pp InfoMetIC) compared to xBD (+38.5 pp, +51.1
pp), indicating the heightened language require-
ments of UAV images. Secondly, the CNN-LSTM
on xBD without knowledge graphs is the sole
configuration in which the removal of knowledge
graphs marginally enhances the CLIPScore by 4.2
percentage points, indicating that for satellite im-
agery with less complex damage categories, direct
visual-linguistic mapping can be competitive. Ap-
pendix A.1 contains the distributions of per-image
scores.

5.4 Noun-Based Object Detection Analysis

Table 2 reports the total count of unique relevant
nouns detected across all test captions to assess
whether VLCE captures more disaster-relevant ob-
jects.

VLCE achieves full coverage of the reference
object set (272 UAV objects, 640 satellite objects)
compared to 55–65% by baseline VLMs, confirm-
ing the knowledge-enriched vocabulary enables
broader and more precise object references.2

6 Discussion

Why knowledge graphs matter more for UAV
imagery. The significant performance gap be-
tween with-KG and without-KG configurations on
RescueNet vs. xBD shows the main differences
between the two imaging methods. UAV imagery
captures scenes from oblique angles at high spa-
tial resolution. It reveals fine-grained damage de-
tails such as collapsed walls, scattered debris, and
standing water that require precise vocabulary to
describe. Satellite imagery, observed from a direct
overhead perspective at lower resolution, shows
more uniform visual patterns where more abstract
descriptions suffice. RescueNet’s 12-class damage
taxonomy also necessitates specific terminology,
which can only be provided by the knowledge-
enriched vocabulary.
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Figure 5: CLIPScore preference across all configurations.
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preference collapses on RescueNet.
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Complementarity of CLIPScore and InfoMetIC.
Configurations with a high InfoMetIC but a mod-
erate CLIPScore, such as the Transformer with
KG on RescueNet (95.33% vs. 73.64%), show
that using a knowledge graph helps the model in-
clude important details that aren’t directly visible
in the image. CLIPScore, which assesses image-
text alignment, may underestimate descriptions that
include domain knowledge regarding disaster pro-
cesses, whereas InfoMetIC values such informa-
tional depth.

Practical implications. For operational disaster
response, captions must go beyond visible ele-
ments. InfoMetIC-favored captions, which include
domain-appropriate terminology and contextual
reasoning, are more actionable, as demonstrated
by the Transformer+KG configuration’s strong per-
formance. This suggests knowledge graphs bridge
the gap between visual observation and situational
understanding.

7 Conclusion

We introduced VLCE, a framework for generating
knowledge-enriched captions for post-disaster im-
agery. By integrating external semantic knowledge
from ConceptNet and WordNet into the caption
generation pipeline, VLCE addresses the vocabu-
lary and domain knowledge limitations of general-
purpose VLMs when applied to disaster assessment.
Our experiments on the xBD and RescueNet bench-
marks demonstrate that knowledge graph enrich-
ment is critical for UAV imagery captioning, where
it transforms near-zero performance into strong
preference over baseline VLMs. The Transformer
decoder with knowledge graph integration achieves
the best overall results, with 95.33% InfoMetIC
preference on RescueNet. Qualitative analysis sub-
stantiates that knowledge-enhanced captions pre-
serve factual accuracy and contextually relevant
terminology, whereas captions produced without
knowledge graph assistance display hallucinations,
redundancy, and semantic disparity.

Acknowledgement: We used ChatGPT 5 to as-
sist in refining the language, clarity, and formatting
of the LATEX manuscript. All technical content,
analysis, and conclusions are the authors’ own.
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A Appendix

A.1 Per-Image Score Distributions
This appendix provides per-image CLIPScore and InfoMetIC score distributions
for all configurations. These histograms and bar charts complement the summary
statistics in Table 1.

A.1.1 CLIPScore Distributions

(a) Score distribution (b) Model comparison

Figure 9: CLIPScore: RescueNet + LLaVA with KG.

(a) Score distribution (b) Model comparison

Figure 10: CLIPScore: RescueNet + LLaVA without
KG.

(a) Score distribution (b) Model comparison

Figure 11: CLIPScore: xBD + LLaVA with KG.

(a) Score distribution (b) Model comparison

Figure 12: CLIPScore: xBD + LLaVA without KG.

(a) Score distribution (b) Model comparison

Figure 13: CLIPScore: RescueNet + QwenVL with
KG.

(a) Score distribution (b) Model comparison

Figure 14: CLIPScore: RescueNet + QwenVL without
KG.

(a) With KG (b) Without KG

Figure 15: CLIPScore: xBD + QwenVL, with vs. with-
out KG.

A.1.2 InfoMetIC Distributions

(a) Model comparison (b) Score distribution

Figure 16: InfoMetIC: RescueNet + LLaVA with KG.
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(a) Model comparison (b) Score distribution

Figure 17: InfoMetIC: RescueNet + LLaVA without
KG.

(a) Model comparison (b) Score distribution

Figure 18: InfoMetIC: xBD + LLaVA with KG.

(a) Model comparison (b) Score distribution

Figure 19: InfoMetIC: xBD + LLaVA without KG.

(a) Model comparison (b) Score distribution

Figure 20: InfoMetIC: RescueNet + QwenVL with KG.

(a) Model comparison (b) Score distribution

Figure 21: InfoMetIC: RescueNet + QwenVL without
KG.

(a) With KG (b) Without KG

Figure 22: InfoMetIC: xBD + QwenVL, with vs. with-
out KG.

A.2 Qualitative Case Studies
We examine representative examples across dataset-model combinations to
illustrate how KG integration affects caption quality.

A.2.1 RescueNet + LLaVA

Figure 23: RescueNet with KG-enhanced LLaVA out-
put.

KG-Enhanced Caption [23]

Caption: the image depicts the aftermath of hurricane michael
which caused significant damage to the infrastructure and environ-
ment in the affected area the most noticeable feature is the flooded
area which has submerged the debris from damaged structures
can be seen scattered throughout the scene with some debris piled
up in the water the presence of multiple vehicles including cars
and trucks indicates that the area is being cleared and assessed for
recovery efforts the overall scene conveys sense of destruction and
recovery efforts needed to restore the affected area to its previous
state.

The KG-enhanced caption coherently identifies flooding as the primary
damage type, notes submerged debris, and infers recovery operations from
visible vehicles.

Baseline Caption (No KG) [24]

Caption: the the image shows an aerial view of a residential severely
impacted by a natural disaster fallen trees lie across rooftops, stone
and streets directly visible structural damage can be seen while the
surrounding area is littered with broken branches and debris the stark
contrast between intact rooftops and widespreadvegetation damage
impacted by a natural disaster fallen trees lie rooftops, stone

Without KG: word duplication (“the the”), nonsensical terms (“stone”),
concatenated words (“widespreadvegetation”), and verbatim phrase repetition.

196



Figure 24: RescueNet without KG, LLaVA output.

Figure 25: xBD with KG-enhanced LLaVA output.

A.2.2 xBD + LLaVA

KG-Enhanced Caption [25]

Caption: the image shows satellite view of forest with clear path
through the trees the path is surrounded by trees and there are sev-
eral trees in the area the pathway appears to be dirt road and it is
surrounded by trees the image also shows few buildings in the area
which seem to have escaped the aftermath of the disaster the
image captures the aftermath of disaster with undamaged areas or
buildings still standing amidst the destruction

Baseline Caption (No KG) [26]

Caption: the image shows satellite view of field with large crack in
the middle likely caused by an earthquake the crack extends from
the left side of the image to the right dividing the field into two
distinct sections additionally there are two people in the field one
near the center and the other towards the right side the presence of
these holes suggests that the area has been affected by the disaster
andthe animals deaths may have been temporarily closed due to
the damage

The baseline fabricates elements (people in the field, animal deaths) and pro-
duces semantically incoherent phrases—a dangerous failure mode for disaster
assessment.

Figure 26: xBD without KG, LLaVA output.

Figure 27: RescueNet with KG-enhanced QwenVL out-
put.

A.3 RescueNet + QwenVL

KG-Enhanced Caption [27]

Caption: the satellite image depicts an area that has been signifi-
cantly impacted by hurricane the image shows dense concentration
of trees that appear to be damaged or fallen indicating the pow-
erful force of the storm the trees are scattered throughout the
area with some lying on the ground and others leaning precariously
the extent of the destruction is widespread affecting both the
natural landscape and built environments the fallen trees and debris
suggest that the hurricane had strong impact on the vegetation
potentially causing widespread damage to the local ecosystem
the presence of debris and fallen trees can obstruct roads and paths
making it difficult for emergency services and residents

Baseline Caption (No KG) [28]

Caption: the satellite photo depicts an area that has been signifi-
cantly impacted by a food area and causing harm to five people
of the destruction is evident from the scattered debris and damaged
structures here is detailed description of the visible damage and its
implications damaged structures there are two large piles of debris
scattered across the area these piles consist of various materials such
as trees, wood metal and possibly concrete indicating that multiple
buildings have been severely damaged or destroyed the debris

The baseline generates semantic inaccuracies (“food area and causing harm
to five people”), fabricated casualty figures, and fragmented sentences.
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Figure 28: RescueNet without KG, QwenVL output.

Figure 29: xBD with KG-enhanced QwenVL output.

A.4 xBD + QwenVL
KG-Enhanced Caption [29]

Caption: The image shows satellite view of town with mix of
undamaged and damaged buildings there are undamaged build-
ings and damaged buildings visible in the scene the presence of
both undamaged and damaged structures highlights the impact of
the disaster on the affected area

Baseline Caption (No KG) [30]

Caption: the satellite image depicts an area that has been signif-
icantly impacted by tornado the visible damage is extensive with
numerous buildings and structures showing signs of destruction
showing signs of destruction here is detailed description of the
visible damage and its implications damage overview damaged areas
buildings these areas show visible signs of damage such as showing
signs of destruction collapsed trees broken and debris scattered
around the damage is concentrated in specific areas indicating that
the tornado had localized impact undamaged areasbuildings these
areas appear to be relatively intact with no visible signs of damage
from the tornado

A.5 Summary of Failure Modes
Across all configurations, removing KG consistently produces four categories
of errors: (1) hallucinations- fabricated casualty counts and fictitious elements;
(2) redundancy- phrases repeated three or more times; (3) formatting errors-
concatenated words and missing spacing; and (4) semantic incoherence- frag-
mented sentences. KG-enhanced models eliminate these failure modes across
all architectures, VLMs, and datasets.

Figure 30: xBD without KG, QwenVL output.
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Abstract

Traditional clustering techniques often rely
solely on similarity in the input data, limit-
ing their ability to capture structural or se-
mantic constraints that are critical in many do-
mains. We introduce the Domain-Aware Rule-
Triggered Variational Autoencoder (DART-
VAE), a rule-guided multimodal clustering
framework that incorporates domain-specific
constraints directly into the representation
learning process. DART-VAE extends the VAE
architecture by embedding explicit rules, se-
mantic representations, and data-driven fea-
tures into a unified latent space, while en-
forcing constraint compliance through rule-
consistency and violation penalties in the loss
function. Unlike conventional clustering meth-
ods that rely only on visual similarity or ap-
ply rules as post-hoc filters, DART-VAE treats
rules as first-class learning signals. The rules
are generated by LLMs, structured into knowl-
edge graphs, and enforced through a loss func-
tion combining reconstruction, KL divergence,
consistency, and violation penalties. Exper-
iments on aircraft and automotive datasets
demonstrate that rule-guided clustering pro-
duces more operationally meaningful and inter-
pretable clusters—for example, isolating UAVs,
unifying stealth aircraft, or separating SUVs
from sedans—while improving traditional clus-
tering metrics. However, the framework faces
challenges: LLM-generated rules may hallu-
cinate or conflict, excessive rules risk overfit-
ting, and scaling to complex domains increases
computational and consistency difficulties. By
combining rule encodings with learned repre-
sentations, DART-VAE achieves more mean-
ingful and consistent clustering outcomes than
purely data-driven models, highlighting the util-
ity of constraint-guided multimodal clustering
for complex, knowledge-intensive settings.

1 Introduction

Many visual clustering methodologies presume
that visual similarity reflects functional similar-

ity; however, appearance and function can diverge
in specialized domains. General image cluster-
ing methods perform well in natural image do-
mains (Van Gansbeke et al., 2020), yet frequently
falter in specialized datasets where operational se-
mantics precede visual appearance. Public bench-
mark models, while achieving impressive results
on large-scale datasets, often fail to transfer effec-
tively when fine-tuned for domain-specific tasks.
Vision Transformers (ViTs) have shown promise
in this space due to their strong representational
capacity, but their success typically relies on very
large volumes of training data. Attempting to fine-
tune ViTs with limited specialized datasets often
results in overfitting(Liu et al., 2021; Zhao et al.,
2025), whereas relying solely on public datasets
without proper adaptation leads to underfitting and
poor generalization in operational settings. Multi-
modal techniques (Radford et al., 2021; Jia et al.,
2021) attempt to bridge this gap by inferring rela-
tionships through large-scale data-driven optimiza-
tion; however, without embedding domain-specific
constraints, they risk overlooking the expert knowl-
edge essential for high-stakes applications.

As an illustrative case, stealth bombers and fight-
ers often adopt angular geometries to minimize
radar cross-section, yet aircraft with equivalent
functions may present markedly distinct visual pro-
files due to differing manufacturer philosophies
and generational design shifts. Similarly, crossover
SUVs may appear visually similar, but subtle dis-
tinctions in structure and purpose reflect their align-
ment with separate market segments. These exam-
ples highlight that visual similarity alone is insuf-
ficient to capture functional or operational equiva-
lence.

Our primary contributions:
• A multimodal VAE architecture encodes visual fea-

tures, semantic knowledge graphs, and explicit domain
rules(Generated by LLM) via specialized pathways, en-
suring that learned representations comply with opera-
tional constraints.
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Figure 1: DART-VAE: Domain-Aware Rule-Guided Training
for Variational Autoencoders. Our framework integrates visual
features, semantic knowledge from structured ontologies, and
explicit domain rules (Generated by LLM) through specialized
encoders, ensuring learned representations inherently respect
operational constraints.

• A multifaceted objective function that equilibrates re-
construction fidelity with rule enforcement through the
integration of consistency and violation losses, thereby
maintaining generative properties while conforming to
expert-defined relationships.

This study formulates a systematic framework
for integrating expert knowledge into deep cluster-
ing, relevant to domains such as medical imaging,
industrial inspection, and scientific analysis, where
domain constraints are paramount.

2 Related Works

Clustering techniques for visual data have achieved
notable success in grouping images based on
surface-level similarities. Methods such as k-
means, fuzzy c-means, Deep Embedded Clustering
(DEC) (Xie et al., 2016), and Variational Deep
Embedding (VaDE) (Jiang et al., 2016) optimize
purely data-driven objectives but often fail in cap-
turing fine-grained, domain-specific distinctions.
In specialized datasets (e.g., vehicles), these ap-
proaches neglect semantic and structural knowl-
edge required for meaningful subclass separation.
While joint feature learning frameworks such as
DAC (Chang et al., 2017) and its refinements with
local structure preservation (Guo et al., 2017) and
augmentation (Guo et al., 2018) improve robust-
ness, they remain limited to visual similarity. More
recent pipelines, including CPP (Chu et al., 2024),
leverage pre-trained features for scalability yet
still lack explicit integration of domain constraints.
Constraint-based clustering has introduced must-
link and cannot-link supervision (Ge et al., 2007),
and generative models have been applied to encode
expert priors (Andreeva et al., 2020). Multimodal
approaches enhance interpretability by aligning

visual and semantic features (Chen et al., 2021),
and fine-grained methods have advanced through
diffusion-based (Yang et al., 2024) and bipartite
factorization (Peng et al., 2024). Despite these ef-
forts, existing methods rarely embed domain rules
as first-class constraints during representation learn-
ing, leaving a gap for frameworks that unify visual,
semantic, and rule-based guidance.

3 Methodology

3.1 Problem Formulation and Motivation
The primary challenge in specialized domain clus-
tering is the disparity between visual appearance
and functional purpose. Conventional clustering
techniques depend solely on pixel-level or derived
visual features, operating under the premise that
visually analogous objects possess functional simi-
larities. This assumption fails profoundly in areas
where form adheres to highly specialized function
rather than aesthetic resemblance.

Human vs. Machine Perception Disparity:
Humans possess inherent domain knowledge en-
abling them to instantly differentiate between a
combat fighter and a transport aircraft, despite their
similar visual characteristics. Machine learning
models, however, lack contextual comprehension
and rely solely on superficial visual patterns. For
example, the F-16 Fighting Falcon and C-130 Her-
cules may seem analogous in aerial images due
to their monoplane design; however, they fulfill
distinctly different operational roles—one as an
air superiority fighter and the other as a tactical
transport aircraft.

Operational Reality: In military aviation, air-
craft with nearly identical visual signatures can
serve very different functions. The F-22 Raptor
and F-117 Nighthawk both possess angular, stealth-
optimized designs for radar evasion; however, the
F-22 serves as an air superiority fighter with super-
cruise capability, whereas the F-117 operated as a
precision strike bomber. Conversely, functionally
analogous aircraft may exhibit significant visual
diversity owing to varying design epochs, manufac-
turers, and technological methodologies.

Clustering Inadequacy: Conventional cluster-
ing algorithms consistently categorize the MQ-9
Reaper (UAV), F-18 Hornet (fighter), and KC-135
Stratotanker (refueling aircraft) solely based on
visual resemblance, resulting in operationally ir-
relevant clusters that contravene essential military
doctrine principles.
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Example Without Rules With Rules Improvement
Aircraft Domain
MQ-9 Reaper (UAV) Mixed F-18 fighter Isolated UAV cluster ✓ UAV separation
F-22, Su-57 Scatter multiple clusters Unified stealth cluster ✓ Technology consistency
C-130, C-2 Mixed A-10 combat Pure transport cluster ✓ Mission separation

Vehicle Domain
BMW M3 (Performance) Mixed Toyota Camry Performance cluster ✓ Performance separation
Ferrari 488 (Luxury) Grouped Honda Civic Luxury sports cluster ✓ Market segmentation
Range Rover (SUV) Mixed sedan vehicles SUV cluster ✓ Body style coherence

Table 1: Rule-Guided Clustering Improvement Examples

Our DART-VAE framework addresses this limi-
tation by embedding domain-specific physical rules
(which generated by LLM and Domain specific
Books) directly into the representation learning
process, ensuring that learned embeddings respect
both visual coherence and operational semantics.
We define this as the acquisition of a latent rep-
resentation z ∈ Rd that organizes data points
based on visual similarity and domain constraints
R = {rj}M

j=1.

3.2 Overall Architecture
The DART-VAE framework employs a three-stage
pipeline that methodically converts raw multimodal
data into constraint-aware latent representations
appropriate for domain-informed clustering.

Stage 1: Multimodal Feature Extraction
Raw images are subjected to object detection via
YOLOv8 to delineate regions of interest (ROI) with
adaptive padding, thereby removing background
noise that results in erroneous groupings. Concur-
rently, structured domain knowledge from JSON-
formatted knowledge graphs (aircraft) or CSV
metadata (vehicles) is processed using Sentence-
BERT to produce semantic embeddings. These
Knowledge graphs and metadata are acquire by
LLM fine-tuned by domain-specific contents). Bi-
nary rule features are extracted and encoded via
specialized MLPs.

Stage 2: Constraint-Guided Representation
Learning The DART-VAE encoder processes con-
catenated multimodal features (visual + seman-
tic + rules) through a joint encoder network that
learns the posterior distribution q(z|x, t, r). The
formation of latent space is directed by a multi-
faceted loss function that equilibrates reconstruc-
tion accuracy, KL regularization, rule adherence,
and penalty for violations.

Stage 3: Rule-Validated Clustering Acquired
latent representations undergo hard (K-means) and
soft (Fuzzy C-means) clustering, followed by rule-

guided refinement, in which constraint violations
lead to reassignment to the nearest compliant clus-
ter, based on both latent distance and rule adher-
ence.

3.3 Domain-Specific Physical Rules
The core innovation of DART-VAE lies in the ex-
plicit formalization of domain knowledge as en-
forceable constraints. We establish unique rule sets
for each domain that encapsulate essential opera-
tional principles.

Algorithm 1
DART-VAE: Domain-Aware Rule-Triggered Clustering
Require: Multimodal dataset D = {(xi, ti, ri)}N

i=1, Do-
main rulesR

Ensure: Rule-compliant clusters C = {Ck}K
k=1

1: Stage 1: Multimodal Feature Extraction
2: Xroi ← ObjectDetection({xi}) ▷ ROI extraction
3: Fv ← VisualEncoder(Xroi) ▷ Visual features
4: Ft ← SemanticEncoder({ti}) ▷ Knowledge features
5: Fr ← RuleEncoder({ri},R) ▷ Rule features
6: Fjoint ← Concatenate(Fv, Ft, Fr)
7: Stage 2: Constraint-Guided Representation Learning
8: for epoch e = 1 to T do
9: µ, σ2 ← Encoder(Fjoint)

10: Z ← Reparameterize(µ, σ2) ▷ Latent sampling
11: L ← Lrecon + βLKL + αe(Lconsistency + Lviolation)
12: Update θ via∇θL ▷ Progressive rule integration
13: end for
14: Stage 3: Rule-Validated Clustering
15: Cinit ← Clustering(Z) ▷ K-means or Fuzzy C-means
16: for each constraint r ∈ R do
17: for each cluster Ck ∈ Cinit do
18: if ViolatesRule(Ck, r) then
19: Reassign violating samples to nearest compli-

ant clusters
20: end if
21: end for
22: end for
23: return C

3.3.1 Aircraft Domain Rules
According to military aviation doctrine and
aerospace engineering principles, a fine-tuned
LLM generated four essential constraints:

Rule 1: Stealth Technology Consistency
Stealth aircraft represent a highly specialized tech-
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nological category requiring sophisticated sys-
tems integration. Aircraft with stealth capabilities
must exhibit technological reliability via advanced
avionics systems and possess either air superiority
(fighter classification) or supersonic cruise capabil-
ity.

Formal Definition: ∀a ∈ Aircraft :
is_stealth(a) → (has_advanced_avionics(a) ∧
(is_fighter(a) ∨ has_supercruise(a)))

Physical Rationale: Stealth technology necessi-
tates advanced radar systems, electronic warfare
capabilities, and intricate flight controls. The F-22
Raptor integrates stealth capabilities with super-
cruise, whereas the F-117 Nighthawk depended on
sophisticated avionics for precision strike opera-
tions.

Rule 2: UAV Operational Separation Un-
manned and manned aircraft function under distinct
doctrines, certification criteria, and operational pro-
tocols. They must uphold distinct clustering bound-
aries to accurately represent operational reality.

Formal Definition: ∀ai, aj ∈ Ck : is_uav(ai) ↔
is_uav(aj)

Physical Rationale: UAVs such as the MQ-9
Reaper function with different risk profiles, en-
durance capacities, and mission specifications in
contrast to manned aircraft like the F-16.

Rule 3: Mission-Type Doctrinal Enforcement
Military aircraft are designed and optimized for spe-
cific mission profiles. Combat platforms must not
be grouped with transport or logistics aircraft due
to inherent disparities in operational requirements,
threat environments, and deployment patterns.

Formal Definition: ∀ai, aj ∈ Ck :
mission_type(ai) = combat →
mission_type(aj) ̸= transport

Physical Rationale: Combat aircraft like the A-
10 Thunderbolt II are armored for survivability in
hostile environments, while transport aircraft like
the C-130 prioritize cargo capacity and operational
versatility.

Rule 4: Physical Attribute Coherence Aircraft
within the same operational cluster must demon-
strate comparable fundamental physical attributes,
including propulsion systems and performance en-
velopes, indicative of analogous operational re-
quirements.

Formal Definition:∀ai, aj ∈ Ck : engine_type(ai) =
engine_type(aj) ∧ speed_class(ai) = speed_class(aj)

Physical Rationale: Turbofan-powered aircraft
function within individual performance parameters
compared to turboprop aircraft, influencing range,

altitude capabilities, and mission appropriateness.

3.3.2 Automotive Domain Rules
For vehicles, OPENAI GPT3.5 outlines four rules
that encapsulate market segmentation and engineer-
ing principles for vehicles.

Rule 1: Body Style Coherence Vehicles with
fundamentally diverse body structures cater to spe-
cific market niches and usage patterns. SUVs,
sedans, and convertibles cater to their own market
requirements and should maintain cluster differen-
tiation.

Rule 2: Performance Tier Consistency Econ-
omy cars and high-performance cars have different
engineering aims and target various market seg-
ments. Performance cars put handling and power-
to-weight ratios first, whereas economy cars maxi-
mize cost and fuel efficiency.

Rule 3: Dimensional Proportionality Vehicles
with notably distinct physical proportions (height-
to-length ratios, ground clearance) fulfill diverse
practical functions and should remain distinct in
clustering.

Rule 4: Luxury Market Segmentation Lux-
ury and standard market vehicles represent distinct
value propositions with different feature sets, pric-
ing strategies, and brand positioning.

Semantic Knowledge Encoding: Sentence-
BERT (all-mpnet-base-v2) processes structured
domain expertise. Aircraft use JSON-formatted
knowledge graph triples with technical specifica-
tions, operational roles, and performance attributes
contained in 384D vectors and compressed to 256D
via 2-layer MLP. Sentence-BERT to 768D embed-
dings procedure CSV brand hierarchies, technical
specifications, body styles, and market categories
for vehicles.

Rule Feature Engineering: Domain constraints
are implemented as explicit feature vectors via spe-
cialized MLPs. Aircraft utilize 10 binary attributes
(is_stealth, is_uav, has_crew, has_supercruise,
has_advanced_avionics, mission_type indications)
processed using MLP to 16-dimensional space.
Vehicles utilize 18 derived attributes from the
four automotive rules (body_style_category, per-
formance_tier, size_ratios, luxury_indicators) com-
pressed into a 32-dimensional space.

3.4 DART-VAE Architecture Details
Joint Encoding: The multimodal feature fusion
creates domain-specific joint representations. Air-
craft: fjoint ∈ R100,624 (visual: 100,352D + seman-
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tic: 256D + rules: 16D). Vehicles: fjoint ∈ R100,388

(visual: 100,352D + semantic: 768D + rules: 32D).
Encoder Network: A progressive compres-

sion architecture maps joint features to latent
parameters: h1 = ReLU(Linear(fjoint, 512)),
h2 = ReLU(Linear(h1, 256)), µ, log σ2 =
Linear(h2, 64), Linear(h2, 64).

Latent Sampling: The reparameterization trick
enables gradient-based optimization: z = µ+σ⊙ϵ,
where ϵ ∼ N (0, I64).

Decoder Network: Reconstructs mul-
timodal features to ensure representation
fidelity: h3 = ReLU(Linear(z, 256)),
h4 = ReLU(Linear(h3, 512)), freconstructed =
Linear(h4, dim(fjoint)).

3.5 Multi-Component Loss Function
Our training objective combines traditional VAE
losses with rule-specific penalties that address the
fundamental challenge observed in our aircraft and
automotive clustering experiments:

Ltotal = Lrecon+βLKL+α(Lconsistency+Lviolation)
(1)

Reconstruction Loss (Lrecon): Standard VAE
reconstruction ensures that our multimodal fea-
tures; visual ROI features, knowledge graph em-
beddings, and rule encodings, can be faithfully re-
covered from the latent space:

Lrecon = MSE(fjoint, f̂joint) (2)

KL Divergence Loss (LKL): The standard VAE
regularization prevents latent space collapse:

LKL = −1
2

d∑

i=1
(1 + log σ2

i − µ2
i − σ2

i ) (3)

Rule Consistency Loss (Lconsistency): This
component indicates a key finding from our experi-
ments: aircraft with analogous operational profiles
should exhibit comparable latent representations,
despite visual differences.

Lconsistency =
∑

i,j

MSE(sim(zi, zj), sim(ri, rj))

(4)
The function sim(ri, rj) estimates cosine simi-

larity between 16-dimensional rule features gener-
ated by the rule encoder, rather than raw binary in-
puts. This groups the MQ-9 and TB2 UAVs despite
their visual profiles and aligns BMW and Mercedes

premium automobiles in latent space despite brand
distinctions.

Rule Violation Loss (Lviolation): Direct con-
straint enforcement emerges from our domain anal-
ysis:

Lviolation = MSE(σ(vpred), vtarget) (5)

where vpred ∈ RN×4 are the raw violation pre-
dictions from the rule predictor network, σ is the
sigmoid activation, and vtarget ∈ {0, 1}N×4 are
the binary violation targets computed from the log-
ical rules.

Rule Weight Configuration: Reconstruction
fidelity and domain constraint enforcement are bal-
anced using a 0.15 rule weight in airplane (40
epochs) and automobile (30 epochs) domain train-
ing.

(a) Without physical rules

(b) With 4 physical rules

Figure 2: Car Hard Clustering t-sne visualization

4 Experimental Results and Analysis

We assess DART-VAE in the aircraft and automo-
tive domains through extensive experimental setups
to illustrate the incremental advantages of includ-
ing domain constraints.
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4.1 Experiments
All experiments employ appropriate statistical vali-
dation and adhere to the implementation specifics
outlined in Section 4.1 and appendix. We ap-
plied a two-stage filtering pipeline (Mask R-CNN
+ YOLOv8, confidence ≥ 0.97, coverage ≥ 60%)
to curate high-quality images, selecting a represen-
tative subset (800 aircraft images across 76 classes)
for efficient evaluation. Both datasets are enriched
with structured metadata (JSON/CSV) capturing
technical specifications and attributes for down-
stream clustering and analysis.

4.2 Aircraft Domain Clustering Results
4.2.1 Quantitative Performance Analysis
Table 2 breaks down comprehensive aircraft clus-
tering outcomes across various rule configurations
and techniques. The methodical advancement from
baseline to rule-based grouping reveals distinct per-
formance variation contingent upon the complexity
of constraints. Hard Clustering Performance:
The 2-rule hard configuration achieves remarkable
quantitative measures, evidenced by a Silhouette
Score of 0.7109 and a robust Calinski-Harabasz
Score of 16,325.64, reflecting a 405% enhancement
over the baseline hard clustering score of 0.1406.
However, the 4-rule hard configuration exhibits di-
minished traditional metrics (Silhouette: 0.3325)
while achieving improved Davies-Bouldin perfor-
mance (0.9147), which means greater cluster com-
pactness despite lowered separation scores. Soft
Clustering Performance: Fuzzy C-means with
2-rule configuration achieves remarkable perfor-
mance with Fuzzy Partition Coefficient of 0.9765
and minimal Fuzzy Partition Entropy of 0.0474,
demonstrating optimal cluster separation. Table 2
shows the fuzzy-specific metrics where the 2-rule
configuration excels with high certainty in clus-
ter assignments and Average Membership Strength
of 0.9850. The 4-rule soft configuration achieves
Fuzzy Partition Coefficient of 0.4736 and Fuzzy
Partition Entropy of 1.1456, with Average Member-
ship Strength of 0.6184, trading traditional fuzzy
metrics for comprehensive constraint coverage.

4.2.2 Rule Violation Analysis
Stealth Consistency Constraints: Violations of
stealth technology persist at a consistent rate of
85 across all configurations, signifying structural
issues within the stealth aircraft category that sur-
pass clustering algorithms. This ongoing violation

pattern indicates intrinsic data complexity, wherein
stealth qualities do not fully correspond with other
operational features. UAV Operational Separa-
tion: Hard clustering with rule refinement pro-
vides perfect UAV separation (0 violations) by
post-processing optimization, while soft cluster-
ing keeps 90-214 violations but accepts boundary
scenarios when UAV characteristics overlap with
manned aircraft traits. With increasing rule com-
plexity, constraint management improves from 214
UAV violations in the 2-rule soft setup to 90 in the
4-rule version. Mission and Semantic Coherence:
The four-rule configurations impose constraints re-
lated to mission type and semantic coherence, re-
sulting in 401 to 533 mission violations and 0 to
103 semantic violations. While these increase over-
all constraint violations, they provide fine-grained
operational classification essential for military ap-
plications.

4.2.3 Visual Clustering Analysis
Figure 3 illustrates t-SNE visualizations that de-
pict the evolution of clustering across various rule
configurations. The 2-rule guided clustering (Fig-
ure 3b and 3e) demonstrates effective cluster sepa-
ration, resulting in well-defined operational group-
ings. The configurations with four rules (Figure 3c
and 3f) demonstrate more intricate boundaries that
indicate a higher level of constraint complexity,
whereas Figure 3a presents the baseline perfor-
mance in the absence of rule guidance.

Cluster Coherence: Rule-guided clustering ef-
ficiently creates operational coherence, as stealth
platforms (F-22, Su-57, F-117) cluster according
to technological uniformity, UAVs maintain clear
operational distinctions from manned aircraft, and
transport aircraft (C-130, C-2) are differentiated
from combat platforms (A-10). This indicates a
significant shift from visual similarity to functional
effectiveness.

4.3 Automotive Domain Clustering Results
4.3.1 Quantitative Performance Analysis
Table 3 illustrates the performance of hard clus-
tering in the automotive sector at various levels of
rule integration. Rule-based hard clustering demon-
strates significant enhancements: The Silhouette
Score rises from 0.0543 (baseline) to 0.1393 (156%
enhancement), while the Calinski-Harabasz Score
escalates from 173.82 to 12,234.91 (6,941% en-
hancement), signifying significantly enhanced clus-
ter separation and compactness.
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Table 2: Aircraft clustering performance comparison (K-means vs. Fuzzy C-means) across rule configurations

Configuration Hard Clustering (K-means) Rule Violations (Hard)
SS DB CH Stealth UAV Mission Semantic

Baseline 0.1406 1.5167 174.37 – – – –
2-Rule 0.7109 1.0666 16325.64 85 0 – –
4-Rule 0.3325 0.9147 794.43 85 0 401 103

Configuration Soft Clustering (Fuzzy C-means) Rule Violations (Soft)
FPC FPE MS FS Stealth UAV Mission Semantic

Baseline 0.5401 0.9775 0.396 – – – – –
2-Rule 0.9765 0.0474 0.9850 – 85 214 – –
4-Rule 0.4736 1.1456 0.6184 0.1960 85 90 533 0
SS: Silhouette Score, DB: Davies-Bouldin Score, CH: Calinski-Harabasz Score,
FPC: Fuzzy Partition Coefficient, FPE: Fuzzy Partition Entropy, MS: Average Membership Strength, FS: Fuzzy Silhouette Index

Table 3: Automotive clustering performance comparison (K-
means vs. Fuzzy C-means)

FPC FPE MS FS
Baseline (Soft) 0.125 2.07 0.125 0.167
Rule-Guided (Soft) 0.125 2.08 0.125 0.189

SS DB CH
Baseline (Hard) 0.054 3.27 173.8 –
Rule-Guided (Hard) 0.139 0.92 12234.9 –
Rule Violations (Soft vs. Hard, Rule-Guided)
Metric Soft Hard
Body 0.19 3.01
Performance 3.60 4.83
Size 2.00 3.92
Luxury 2.72 4.53
Total violations: Soft = 8.51; Hard = 16.29

4.3.2 Rule Violation Analysis
Body Style Coherence: The use of rule-guided
clustering results in differing degrees of Body
Style/Segment violations according on the clus-
tering algorithm utilized. Tables 3 illustrate that
fuzzy C-means clustering exhibits superior con-
straint management with merely 0.19 violations,
whereas K-means clustering results in 3.01 viola-
tions. This notable disparity demonstrates fuzzy
clustering’s efficacy in managing the diverse classi-
fications of body shapes in the automotive sector,
including SUV, sedan, and hatchback, where auto-
mobiles may display ambiguous traits.

Performance and Engineering Constraints:
Performance/Drivetrain Consistency is the hard-
est criteria for both clustering methods, with soft
clustering (fuzzy C-means) obtaining 3.60 viola-
tions and hard clustering (K-means) 4.83. High
violation rates reflect the car industry’s sophisti-
cated performance specs that don’t match visual
similarities—high-performance variations of ordi-
nary models sometimes look identical despite hav-
ing very different powertrains. Size Proportion lim-
itations yield mild violations, with fuzzy C-means
achieving 2.00 and K-means 3.92. Luxury/Perfor-
mance Feature consistency provides sufficient con-

straint adherence, with fuzzy C-means committing
2.72 violations and K-means 4.53.

Algorithm Comparison: The experimental re-
sults indicate complementary benefits among clus-
tering methodologies. K-means demonstrates su-
perior mathematical clustering effectiveness, as in-
dicated by a higher Silhouette Score (0.1393 com-
pared to 0.0100) and better cluster separation met-
rics, making it suitable for applications that pri-
oritize geometric cluster quality. Fuzzy C-means
shows improved adherence to domain constraints,
with 48% fewer rule violations (8.51 versus 16.29),
making it more suitable for applications that require
semantic coherence over mathematical optimiza-
tion. Figure 2 illustrates that rule-guided K-means
clustering (Figure 2b) achieves remarkable sepa-
ration with 8 distinct clusters, whereas baseline
clustering (Figure 2a) exhibits considerable mix-
ing.

4.4 Qualitative Clustering Improvements
Table 1 demonstrates specific clustering improve-
ments through rule integration. Critical operational
separations achieved include: Military Applica-
tions: MQ-9 Reaper UAVs isolated from F-18 fight-
ers, stealth aircraft (F-22, Su-57) unified by techno-
logical consistency, and transport aircraft (C-130,
C-2) separated from combat platforms. Automo-
tive Applications: BMW M3 performance vehi-
cles separated from economy cars, Ferrari luxury
sports cars grouped appropriately, and Range Rover
SUVs clustered by body style coherence. These im-
provements represent fundamental advances from
appearance-based to function-based clustering, crit-
ical for domain expert applications where opera-
tional semantics transcend visual similarity.

5 Threats to Validity

Sveral threats to validity remain. First, the rules
themselves are generated by LLMs and subse-
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quently formatted as structured knowledge graphs.
This process introduces the risk of hallucinations,
where the LLM may produce inaccurate or spurious
rules. Such negative rules can inadvertently bias
the clustering process, leading to distortions rather
than improvements in cluster quality. Second, the
reliance on LLM-generated rules makes the frame-
work sensitive to overfitting. When too many rules
are imposed simultaneously, the latent space may
become overly constrained, forcing the model to
adhere to rigid relationships at the expense of gen-
eralizability. This effect was particularly evident
when scaling from two-rule to four-rule configura-
tions, where clustering metrics showed diminishing
returns despite improved constraint enforcement.
Third, scaling to complex domains presents a fun-
damental challenge. As the number of rules, modal-
ities, and semantic categories increases, the com-
putational overhead and difficulty of maintaining
consistent enforcement escalate. In such cases, rule
conflicts and inconsistencies may proliferate, com-
plicating both training and interpretability. Without
careful curation and validation of rule sets, domain
expansion risks undermining the stability and relia-
bility of the method. Finally, the evaluation relies
on datasets where rule definitions are relatively
well aligned with domain expertise (e.g., aircraft
doctrine, automotive market segmentation). For
less formalized or more ambiguous domains, the
suitability of LLM-derived rules remains uncertain,
limiting the external validity of the approach.

6 Conclusion

Proposed multimodal clustering framework that el-
evates LLM-generated rules and knowledge-graph
constraints to first-class learning signals. By em-
bedding rules directly into representation learning,
the method balances visual coherence and opera-
tional semantics, producing clusters that are both
interpretable and quantitatively robust. Results in
aircraft and automotive domains show that rule-
guided clustering achieves clearer functional sep-
aration than purely visual baselines. However, re-
liance on LLM-generated rules introduces risks of
hallucination and inconsistency, and applying too
many constraints can lead to overfitting. Scaling
to complex domains with large rule sets remains
challenging. Despite these limitations, DART-VAE
demonstrates the potential of rule-informed clus-
tering as a principled step toward interpretable and
domain-aligned AI.
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7 Appendix

7.1 Dataset Details
Military Aircraft: We conducted a two-stage data
cleansing process on 8,311 raw photos from the
military aircraft dataset (a2015003713). Prelimi-
nary filtering employing Mask R-CNN, succeeded
by YOLOv8 (Jocher et al., 2023) with dual param-
eters (confidence ≥ 0.97 and aircraft coverage ≥
60%), produced 3,103 high-quality images encom-
passing 77 aircraft types. To ensure computational
efficiency and uniform assessment across rule con-
figurations, we chose a representative subset of
800 photos (after YOLOv8 filtering, preserving
728 images with aircraft detections) encompassing
76 aircraft classes for our clustering tests. Every
aircraft is marked with operating characteristics
and connected to a JSON knowledge graph that

includes technical specifications as triples. Au-
tomotive Dataset: The vehicle dataset (Unit293,
2024) was subjected to quality control compara-
ble to aircraft photos, using YOLOv8 to exclude
non-vehicle images, notably interiors. A hierarchi-
cal brand/model/year directory structure and CSV
metadata with technical specifications, body styles,
segments, and dimensional attributes from manu-
facturer databases comprise the cleaned dataset.

7.2 Implementation Details
All tests utilize the PyTorch framework using
NVIDIA RTX 6000 Ada Generation GPUs, each
equipped with 49GB of VRAM. The visual encoder
utilizes a custom CNN architecture with domain-
specific configurations, comprising three convolu-
tional layers for aircraft and four for cars. Text
encoding using Sentence-BERT (all-mpnet-base-
v2). In the preprocessing phase, YOLOv8 does ob-
ject detection with a confidence threshold of 0.25
and adaptive padding for region of interest extrac-
tion. Optimization employs AdamW with a weight
decay of λ = 10−4. Training setups are special-
ized to their domains: airplane experiments utilize
40 epochs across all rule configurations, whereas
car experiments employ 30 epochs with a 4-rule
configuration.

7.3 Multimodal Feature Extraction Pipeline
Visual Feature Processing: We utilize YOLOv8
for object detection and ROI extraction, imple-
menting adaptive padding to encompass entire air-
craft and vehicle structures while minimizing back-
ground noise. Our experimental validation demon-
strates that background contamination substantially
affects clustering quality, rendering ROI extraction
an essential preprocessing step.

Aircraft Domain: Three convolutional
layers Conv2d(3,32) → Conv2d(32,64) →
Conv2d(64,128), flattening yields 100,352D
feature vectors (128 × 28 × 28), 20% adaptive
padding applied during ROI extraction.

Automotive Domain: Four convolutional layers
with adaptive average pooling, culminating in a
256-dimensional visual feature representation, with
a confidence threshold of 0.25 for vehicle detection.
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(a) Hard clustering without rules (b) Hard clustering with 2 rules (c) Hard clustering with 4 rules

(d) Soft clustering without rules (e) Soft clustering with 2 rules (f) Soft clustering with 4 rules

Figure 3: Aircraft clustering performance demonstrated through t-SNE visualizations. Top row shows hard clustering (K-means),
bottom row shows soft clustering (Fuzzy C-means), progressing from no rules (left) to 2 rules (center) to 4 rules (right).
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Abstract
Charts are central to analytical reasoning, yet
existing benchmarks for chart understanding fo-
cus almost exclusively on single-chart interpre-
tation rather than comparative reasoning across
multiple charts. To address this gap, we intro-
duce ChartDiff, the first large-scale benchmark
for cross-chart comparative summarization.
ChartDiff consists of 8,541 chart pairs spanning
diverse data sources, chart types, and visual
styles, each annotated with LLM-generated and
human-verified summaries describing differ-
ences in trends, fluctuations, and anomalies.
Using ChartDiff, we evaluate general-purpose,
chart-specialized, and pipeline-based models.
Our results show that frontier general-purpose
models achieve the highest GPT-based qual-
ity, while specialized and pipeline-based meth-
ods obtain higher ROUGE scores but lower
human-aligned evaluation, revealing a clear
mismatch between lexical overlap and actual
summary quality. We further find that multi-
series charts remain challenging across model
families, whereas strong end-to-end models are
relatively robust to differences in plotting li-
braries. Overall, our findings demonstrate that
comparative chart reasoning remains a signifi-
cant challenge for current vision-language mod-
els and position ChartDiff as a new benchmark
for advancing research on multi-chart under-
standing.

1 Introduction

Charts play a central role in analytical reasoning,
communication, and decision-making. From sci-
entific publications to business dashboards, chart
presentations allow humans to quickly extract pat-
terns, compare trends, and evaluate alternatives.
As vision-language models (VLMs) (Radford et al.,
2021; Li et al., 2022; Liu et al., 2023c; Bai et al.,
2023) continue to advance, enabling them to un-
derstand and explain charts (Han et al., 2023;
Masry et al., 2023; Zhang et al., 2024) has be-
come an increasingly active research area. Recent

progress has produced a variety of benchmarks
and methods targeting tasks such as chart ques-
tion answering (Masry et al., 2022; Wang et al.,
2024), chart summarization (Kantharaj et al., 2022;
Meng et al., 2024), structured information extrac-
tion (Liu et al., 2023b,a). Despite these advances,
existing work (Masry et al., 2022, 2023; Han et al.,
2023; Zhang et al., 2024; Masry et al., 2025a; Meng
et al., 2024; Zhao et al., 2025; Xu et al., 2025) over-
whelmingly focuses on single-chart understanding,
treating each chart as an isolated unit.

However, many real-world analytical tasks are
inherently comparative. Analysts routinely juxta-
pose multiple charts to evaluate differences across
groups, time periods, experimental conditions, or
modeling assumptions. Detecting how two charts
differ—whether in their underlying data, visual
encodings, statistical relationships, or narrative in-
tent—is central to tasks such as anomaly detection,
model comparison, A/B testing, monitoring sys-
tem performance, or verifying the reproducibility
of results. Yet, to date, though some works (Zhu
et al., 2025; Iyengar et al., 2025; Kazemi et al.,
2024) have been proposed in multi-chart setting,
the ability of VLMs to perform such comparative
reasoning remains largely unexplored.

To address this gap, we introduce a new large-
scale benchmark ChartDiff (Dataset illustration
in Figure 1) designed specifically for cross-chart
difference comprehension. ChartDiff comprises
8,541 pairs of charts, covering a wide range
of data sources, visualization types, and styles.
For each pair, we provide LLM-generated and
human-verified annotations describing differences
in trends, fluctuations, and anomalies. These an-
notations form a rigorous testbed for evaluating
whether VLMs can move beyond single-image in-
terpretation and engage in comparative visual rea-
soning.

Using this benchmark, we conduct the first sys-
tematic evaluation of state-of-the-art VLMs on
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Chart A (Left) Chart B (Right)

Comparison Summary: From 2000 to 2009, Maldives maintained a high and fairly stable tariff around 20–21%, while
Venezuela showed a clear downward trend from 13.37% to 9.09% with only minor fluctuations. In 2010–2019, Maldives
changed much more dramatically: after staying near 20% in 2010–2011, its tariff collapsed to 6.45% in 2012, then gradually
recovered through the decade before rebounding sharply to 18.39% in 2019. Venezuela, by contrast, remained relatively
steady in the later period, mostly fluctuating within a narrower 8.4–11.0% range after its earlier decline. Overall, the key
shift is that Maldives moved from stability to major volatility and structural change, whereas Venezuela moved from a steady
decline to a comparatively stable low-tariff pattern.

Figure 1: ChartDiff Dataset Illustration. The task requires comparing two charts and generating a concise
description of their differences. More examples can be found in Appendix A.

the task of cross-chart comparative summarization.
Our experiments show that, while these models can
achieve comparable performance on classic met-
rics (Lin, 2004), their performance varies signifi-
cantly on modern metrics (Fu et al., 2024). Some
models struggle with poor reasoning abilities.

Our contributions are in two aspects:

• We introduce the first benchmark ChartDiff on
cross-chart comparative summarization, con-
sisting of 8,541 annotated chart pairs with
high diversity.

• We evaluate various modern VLMs on cross-
chart comparative summarization to illustrate
the great progress of new VLMs and provide
new insights into the challenges of chart un-
derstanding.

We hope this work catalyzes future research on
multi-chart reasoning, an ability that is essential for
supporting real-world visual analytics workflows
yet remains underrepresented in current model ca-
pabilities and benchmarks.

2 Related Works

2.1 Vision-Language Models for Chart
Understanding

VLMs have made rapid progress in chart under-
standing, and existing approaches can be broadly

divided into general-purpose multimodal models
and chart-specialized models. General-purpose
models such as GPT systems (OpenAI et al., 2024;
Singh et al., 2025), Gemini series (Comanici et al.,
2025), Qwen3.5 (Qwen Team, 2026), and In-
ternVL (Chen et al., 2024) exhibit strong visual
reasoning abilities and can handle a wide range of
chart-related tasks without task-specific training.
In contrast, chart-specialized models, including
ChartLlama (Han et al., 2023), UniChart (Masry
et al., 2023), ChartAssistant (Meng et al., 2024),
and ChartGemma (Masry et al., 2025b) are typ-
ically trained via visual instruction tuning (Liu
et al., 2023c) or multitask learning to better
capture chart structures and semantics. Some
works further extend encoder-decoder frameworks,
such as Matcha (Liu et al., 2023b) built upon
Pix2Struct (Lee et al., 2023), by incorporating chart
data extraction and mathematical reasoning capa-
bilities. While these models achieve strong per-
formance on tasks like chart question answering
and summarization, they are often limited by task-
specific tuning and predefined pipelines, which re-
strict their ability to generalize to diverse chart
types and complex reasoning scenarios.

Recent work focuses on improving reasoning for
chart understanding. TinyChart (Zhang et al., 2024)
adopts Program-of-Thought prompting (Chen et al.,
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2023), while ChartCoder (Zhao et al., 2025) and
ChartReasoner (Jia et al., 2025) leverage chart-to-
code generation for multi-step inference. Chart-
R1 (Chen et al., 2026) and Chart-RL (Zhang et al.,
2026) further incorporates reinforcement learning
to enhance reasoning quality. However, these ap-
proaches depend on intermediate representations
such as code or templates, making them sensitive
to upstream errors and limiting robustness, as high-
lighted by works like ChartMimic (Yang et al.,
2025) and ChartMoE (Xu et al., 2025).

2.2 Benchmarks for Chart Understanding
A wide range of benchmarks have been proposed
to evaluate chart understanding capabilities of
VLMs. Early datasets such as FigureQA (Ka-
hou et al., 2017), DVQA (Kafle et al., 2018),
and PlotQA (Methani et al., 2020) primarily rely
on synthetic charts and template-based questions,
which constrain both visual diversity and rea-
soning complexity. Subsequent efforts, includ-
ing ChartQA (Masry et al., 2022) and Chart-to-
Text (Kantharaj et al., 2022), shift toward real-
world data and more natural language queries, en-
abling evaluation of higher-level tasks such as ques-
tion answering and summarization. More recent
benchmarks, such as ChartX (Xia et al., 2024)
and ChartBench (Xu et al., 2023), further expand
chart diversity and task coverage. Despite these
advances, most existing benchmarks are designed
around single-chart settings, where models process
one visualization at a time without considering re-
lationships across multiple charts.

To address increasing model capabilities, sev-
eral works introduce more challenging tasks and
broader evaluation protocols. Benchmarks like
CharXiv (Wang et al., 2024) and SciGraphQA (Li
and Tajbakhsh, 2023) emphasize complex reason-
ing, multi-turn interactions, or domain-specific
knowledge, while ChartQAPro (Masry et al.,
2025a) and MMMU (Yue et al., 2024) explore more
diverse question types and multimodal reasoning
scenarios. However, these benchmarks still pre-
dominantly evaluate understanding within a single
chart, focusing on tasks such as data extraction,
description, or localized reasoning. As a result,
they fail to capture a critical real-world require-
ment: comparing and synthesizing information
across multiple visualizations, which often involves
aligning semantics, identifying differences, and ag-
gregating trends.

Only a limited number of benchmarks begin to

explore multi-chart or cross-chart reasoning. For
example, MultiChartQA (Zhu et al., 2025) intro-
duces multi-hop reasoning across related charts,
while INTERCHART (Iyengar et al., 2025) inves-
tigates cross-chart understanding under controlled
settings. ReMI (Kazemi et al., 2024) also includes
a small subset of multi-chart scenarios. Neverthe-
less, these datasets are relatively small in scale or
limited in task design, leaving substantial gaps in
evaluating comprehensive cross-chart reasoning.
To bridge this gap, we propose ChartDiff, a large-
scale benchmark for cross-chart comparative sum-
marization, consisting of 8,541 chart pairs. Notably,
ChartAB (Bansal et al., 2025) presents a dataset
of comparable scale, but focuses on a diagnostic
framework centered on grounding, alignment, and
robustness, emphasizing fine-grained pairwise dif-
ference identification rather than holistic compar-
ative summarization. In contrast, ChartDiff ex-
plicitly targets comparative reasoning by requiring
models to identify differences in trends, fluctua-
tions, and anomalies across charts and to generate
coherent summaries, offering an additional perspec-
tive for evaluating chart understanding in multi-
chart scenarios.

3 Dataset Construction

In this section, we describe the construction
pipeline of ChartDiff. We begin by collecting raw
data from real-world sources, followed by prepro-
cessing to prepare the data for chart rendering. Fi-
nally, we construct chart pairs and apply an annota-
tion pipeline to produce comparison summaries.

3.1 Raw Data Collection and Processing

We collect tabular time-series data from
publicly available sources, including
Macrotrends (Macrotrends LLC, 2026), Ya-
hoo Finance (Yahoo Finance, 2026), and Visual
Crossing (Visual Crossing Corporation, 2026).
The collected data spans eight domains: economy,
health, immigration, labor force, population, trade,
stock markets, and weather. In total, the dataset
covers approximately 200 countries or regions,
100 cities, and 100 publicly traded stocks.

We first filter out datasets with discontinuous or
incomplete time series to ensure data quality. We
then perform data sampling and construct pairs of
datasets for comparison. To ensure that each pair
reflects a meaningful and controlled difference, we
constrain paired datasets to differ along only one
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of the following three aspects: (1) data entity (e.g.,
different countries or stocks), (2) time span, or (3)
data category.

After pairing, each pair consists of two CSV
datasets, which are used to generate a pair of charts
for subsequent comparison and annotation.

3.2 Chart Rendering

To generate visualizations, we utilize three widely
used Python plotting libraries: Matplotlib (Hunter,
2007), Plotly (Plotly Technologies Inc., 2015), and
Plotnine (Hassan Kibirige, 2026). For each library,
we design multiple styling configurations to en-
hance visual diversity, resulting in approximately
60 distinct visualization styles in total.

ChartDiff includes six chart categories: line
charts, bar charts, horizontal bar charts, multi-
series line charts1, multi-series bar charts, and pie
charts. These chart types cover a wide range of
common visualization scenarios, including tempo-
ral trends, categorical comparisons, and propor-
tional distributions.

To ensure high-quality visualizations, all gener-
ated charts undergo manual inspection. We verify
the absence of common visualization issues, in-
cluding legend occlusion, missing or improperly
rendered data points, inconsistent axis scaling, and
other artifacts that could hinder accurate interpreta-
tion.

3.3 Annotation Pipeline

To produce high-quality comparison summaries,
we employ a multi-stage annotation pipeline lever-
aging large language models (LLMs). The pipeline
follows an annotate–judge–verify paradigm for
each chart pair.

First, we define a pool of LLMs A. For each
chart pair P , we randomly sample an annotator
model L1 ∈ A and prompt it with a carefully de-
signed instruction(Figure 11) to generate a candi-
date comparison summary S. We provide only
the underlying CSV data of the charts to ensure
accurate and consistent analysis.

Next, we sample a second model L2 ∈ A\{L1}
to act as a judge. Given the same chart pair P and
the candidate summary S, L2 evaluates whether S
is accurate and acceptable according to a predefined

1A multi-series chart is defined as a visualization where the
underlying CSV data contains multiple distinct value columns.
An example pair of multi-series line charts is shown in Fig-
ure 6, and an example pair of multi-series bar charts is shown
in Figure 7.

Chart Type Pairs Percentage
Line 2257 26.4%
Bar 2153 25.2%
Horizontal Bar 679 8.0%
Line (Multi-series) 1044 12.2%
Bar (Multi-series) 1072 12.6%
Pie 1336 15.6%

Table 1: Distribution of chart pairs across different chart
types in ChartDiff.

evaluation prompt(Figure 12), and decides whether
to accept or reject it. For accepted summaries, the
words “Dataset” and “dataset” are replaced with
“Chart” and “chart”, respectively.

Finally, all accepted summaries undergo manual
verification to ensure quality. During this stage,
we check for factual correctness, completeness of
key differences, and overall clarity, filtering out any
remaining low-quality or ambiguous annotations.

3.4 Dataset Curation Details

For data pairing, we sample between 6 and 12 data
points for each dataset across all chart types, except
for pie charts, and ensure that the two datasets in
each pair contain the same number of data points.
For pie charts, we restrict each dataset to 3–5 cat-
egories to maintain clear and interpretable propor-
tional comparisons.

For chart rendering, we randomly select a vi-
sualization style from a set of predefined styling
configurations for each pair, and both charts in the
pair share the same styling configuration.

In the annotation pipeline, we employ a pool of
LLMs, including GPT-5.4 (Singh et al., 2025) and
Gemini 3.1 Pro (Google Deepmind, 2026b). The
acceptance rate of candidate summaries generated
by GPT-5.4 is 0.93, while that of Gemini 3.1 Pro is
0.967, indicating a high level of annotation quality.

After completing the three-stage pipeline, we
obtain a total of 8,541 chart pairs with high-quality
comparison annotations. The distribution of sam-
ples across different chart types is summarized in
Table 1.

Each chart is rendered at a resolution of 800×
600 pixels. We further split ChartDiff into training,
validation, and test sets containing 6,041, 1,000,
and 1,500 chart pairs, respectively.
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4 Experiments

4.1 Models

We evaluate a diverse set of models spanning four
categories:

General-Purpose Closed-Source Models. We
include state-of-the-art proprietary VLMs, in-
cluding GPT-5.4 (Singh et al., 2025), Gemini
3.1 Pro (Google Deepmind, 2026b), GPT-5.4-
mini (Singh et al., 2025), Gemini 3.1 Flash
Lite (Google Deepmind, 2026a), Claude Sonnet
4.6 (Anthropic, 2026), and GPT-4o (OpenAI et al.,
2024).

General-Purpose Open-Source Models. We
consider representative open-source models, in-
cluding Qwen3.5-397B-A17B (Qwen Team, 2026),
Qwen3.5-9B (Qwen Team, 2026), and Qwen2.5-
VL-7B (Bai et al., 2025).

Chart-Domain Specialized Models. We eval-
uate models specifically designed for chart under-
standing, including ChartGemma (Masry et al.,
2025b) and MatCha (Liu et al., 2023b).

Pipeline-Based Methods. In addition to end-to-
end models, we evaluate a pipeline-based approach
that first extracts structured data from charts and
then performs comparison using an LLM. Specifi-
cally, we use DePlot (Liu et al., 2023a) as the chart-
to-table extractor, followed by GPT-5.4 (Singh
et al., 2025) or Qwen3.5-9B (Qwen Team, 2026)
for comparison generation.

Finally, to establish a lower-bound baseline, we
prompt GPT-5.4 (Singh et al., 2025) to randomly
generated outputs (Figure 15), which serve as a
reference for non-informative predictions.

4.2 Evaluation Metrics

We adopt two complementary evaluation metrics:
ROUGE. We use ROUGE (Lin, 2004) as a stan-

dard lexical-overlap metric to measure similarity
between generated summaries and reference anno-
tations.

GPT Score. We further employ a model-based
evaluation metric, GPT Score (Fu et al., 2024),
using GPT-5.4 (Singh et al., 2025) as the judge
model to assess the quality of generated summaries
with a predefined grading prompt (Figure 16 and
Figure 17).

To validate the reliability of GPT Score, we ran-
domly sample 300 comparison summaries gener-
ated by different models and obtain human ratings
using the same evaluation criteria as the grading
prompt (Figure 16 and Figure 17). We observe

a Pearson correlation coefficient of 0.91 between
human scores and GPT scores, indicating strong
agreement.

4.3 Implementation Details

For all models, we concatenate the two charts hori-
zontally into a single combined image as the model
input.

For general-purpose models, we evaluate perfor-
mance in a zero-shot setting without task-specific
fine-tuning. We directly prompt the models (Fig-
ure 13) to generate comparison summaries.

For pipeline-based methods, we first use a pre-
trained DePlot (Liu et al., 2023a) model for chart-
to-table extraction without additional fine-tuning,
and then prompt the selected LLM (Figure 14) with
the extracted tables to generate comparison sum-
maries.

For chart-specific models, including Chart-
Gemma (Masry et al., 2025b) and MatCha (Liu
et al., 2023b), we fine-tune each model on the
ChartDiff training set for five epochs.

4.4 Analysis

Overall. Table 2 shows that general-purpose
closed-source models achieve the best overall
generation quality, with GPT-5.4 (Singh et al.,
2025) obtaining the highest GPT Score (4.95),
followed by Gemini 3.1 Pro (Google Deep-
mind, 2026b) (4.86). In contrast, chart-domain
specialized models and pipeline-based methods
achieve the strongest ROUGE scores, with Chart-
Gemma (Masry et al., 2025b) reaching the high-
est ROUGE-1 (51.49), MatCha (Liu et al., 2023b)
the best ROUGE-2 (18.34) and ROUGE-L (28.75),
and Deplot (Liu et al., 2023a) + GPT-5.4 also per-
forming strongly on all ROUGE metrics. However,
these models obtain much lower GPT Scores, indi-
cating a substantial mismatch between lexical over-
lap and human-aligned generation quality. Among
open-source models, Qwen3.5-397B-A17B (Qwen
Team, 2026) is the strongest, achieving compet-
itive ROUGE scores and a GPT Score of 4.54,
though it still trails the best proprietary systems.
Overall, the results suggest that while specialized
and pipeline-based approaches are advantageous
for reference matching, frontier general-purpose
LLMs produce more natural and better-evaluated
chart descriptions, highlighting the importance of
complementing lexical overlap-based metrics with
quality-oriented evaluation metrics.
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Models ROUGE-1 ROUGE-2 ROUGE-L GPT Score
General-Purpose Closed-Source Models

GPT-5.4 (Singh et al., 2025) 46.02 12.28 23.45 4.95
Gemini 3.1 Pro (Google Deepmind, 2026b) 47.21 13.48 24.2 4.86
GPT-5.4-mini (Singh et al., 2025) 43.0 10.62 21.68 4.82
Gemini 3.1 Flash Lite(Google Deepmind, 2026a) 46.37 12.83 22.82 4.63
Claude Sonnet 4.6 (Anthropic, 2026) 47.54 13.31 23.42 4.58
GPT-4o (OpenAI et al., 2024) 44.43 11.48 22.44 4.23

General-Purpose Open-Source Models
Qwen3.5-397B-A17B (Qwen Team, 2026) 47.07 12.68 22.57 4.54
Qwen3.5-9B (Qwen Team, 2026) 44.09 10.84 21.16 3.65
Qwen2.5VL-7B (Bai et al., 2025) 41.18 9.82 20.88 3.18

Chart-Domain Specialized Models
ChartGemma (Masry et al., 2025b) 51.49 17.81 28.53 2.0
MatCha (Liu et al., 2023b) 49.52 18.34 28.75 1.45

Pipeline-Based Methods
Deplot (Liu et al., 2023a) + GPT-5.4 50.75 17.25 28.88 3.58
Deplot + GPT-4o 46.46 13.19 23.66 3.38
Deplot + Qwen3.5-9B 43.1 10.38 20.3 2.81
Random 25.5 2.5 12.81 1.17

Table 2: Performance comparison of all evaluated models. Boldface indicates the best result within each group.

Models
GPT Score

Overall Chart Type

Line Bar Bar(H.) Line(M.) Bar(M.) Pie
General-Purpose Closed-Source Models

GPT-5.4 (Singh et al., 2025) 4.95 4.97 4.97 4.89 4.9 4.88 4.99
Gemini 3.1 Pro (Google Deepmind, 2026b) 4.86 4.82 4.9 4.94 4.65 4.85 4.98
GPT-5.4-mini (Singh et al., 2025) 4.82 4.86 4.82 4.75 4.74 4.78 4.85
Gemini 3.1 Flash Lite (Google Deepmind, 2026a) 4.63 4.65 4.66 4.67 4.33 4.47 4.87
Claude Sonnet 4.6 (Anthropic, 2026) 4.58 4.54 4.6 4.57 4.38 4.46 4.87
GPT-4o (OpenAI et al., 2024) 4.23 4.23 4.32 3.85 3.88 3.78 4.85

General-Purpose Open-Source Models
Qwen3.5-397B-A17B (Qwen Team, 2026) 4.54 4.59 4.58 4.36 4.41 4.35 4.72
Qwen3.5-9B (Qwen Team, 2026) 3.65 3.82 3.89 3.55 3.2 3.33 3.57
Qwen2.5VL-7B (Bai et al., 2025) 3.18 3.54 3.14 2.79 2.79 2.53 3.58

Chart-Domain Specialized Models
ChartGemma (Masry et al., 2025b) 2.0 2.36 2.36 2.01 1.3 1.36 1.68
MatCha (Liu et al., 2023b) 1.45 1.62 1.69 1.43 0.92 0.99 1.47

Pipeline-Based Methods
Deplot (Liu et al., 2023a) + GPT-5.4 3.58 3.89 4.63 3.16 2.91 4.65 1.24
Deplot + GPT-4o 3.38 3.68 4.32 3.23 2.77 4.21 1.27
Deplot + Qwen3.5-9B 2.81 3.16 3.8 2.16 2.3 3.44 0.79
Random 1.17 1.23 1.5 1.52 1.28 1.24 0.21

Table 3: GPT Score results by chart type for all evaluated models. Bar(H.) indicates horizontal bar charts. Line(M.)
indicates multi-series line charts. Bar(M.) indicates multi-series bar charts. Boldface indicates the best result within
each model category.

Models Overall Plotting Libraries

Matplotlib Plotly Plotnine
GPT-5.4 (Singh et al., 2025) 4.95 4.94 4.97 4.93
Qwen3.5-397B-A17B (Qwen Team, 2026) 4.54 4.51 4.63 4.44
ChartGemma (Masry et al., 2025b) 2.0 2.06 1.99 1.95
Deplot (Liu et al., 2023a)+ GPT-5.4 3.58 4.08 3.12 3.89

Table 4: GPT Score of representative models across different plotting libraries.
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Chart type. Table 3 shows clear performance
differences across chart types. Pie charts are gener-
ally the easiest for general-purpose LLMs, with
nearly all closed-source models achieving very
high GPT Scores on this type. Simple line and
bar charts are also handled well, while multi-series
charts are more challenging, as performance tends
to drop across most model families. This pattern
is particularly evident for smaller open-source and
chart-specialized models, whose scores decrease
substantially on multi-series charts. In contrast,
pipeline-based methods perform relatively well on
bar and multi-series bar charts but fail badly on pie
charts, suggesting that their effectiveness is highly
dependent on chart structure, possibly because De-
Plot was not pretrained on pie charts. Overall, the
results indicate that chart complexity is a major
factor in chart-to-text generation, with multi-series
charts remaining the most difficult cases.

Plotting library. Table 4 shows that perfor-
mance is generally stable across plotting libraries
for strong end-to-end models, suggesting that
library-specific rendering differences have lim-
ited impact on top-performing LLMs. For exam-
ple, GPT-5.4 (Singh et al., 2025) maintains nearly
identical GPT Scores on Matplotlib (4.94), Plotly
(4.97), and Plotnine (4.93), while Qwen3.5-397B-
A17B also shows only moderate variation across
libraries. Among the three libraries, Plotly ap-
pears slightly easier for general-purpose models,
yielding the highest scores for both GPT-5.4 and
Qwen3.5-397B-A17B (Qwen Team, 2026). In con-
trast, pipeline-based methods are more sensitive to
library choice: Deplot (Liu et al., 2023a) + GPT-
5.4 performs best on Matplotlib (4.08) and Plotnine
(3.89) but drops noticeably on Plotly (3.12). Over-
all, the results suggest that plotting library has only
a minor effect for strong end-to-end LLMs, but can
substantially affect modular pipeline approaches.

5 Conclusion

We present ChartDiff, the first large-scale bench-
mark for cross-chart comparative summarization,
consisting of 8,541 chart pairs with high-quality
comparison annotations. Our evaluation shows that
although modern vision-language models have be-
come strong at single-chart understanding, they
still face clear challenges in comparative chart rea-
soning, especially on structurally complex chart
types such as multi-series charts. We further find a
substantial mismatch between lexical-overlap met-

rics and GPT-based quality evaluation, suggesting
that chart comparison should be assessed with more
than overlap-based metrics alone. We hope Chart-
Diff will provide a useful foundation for future
research on multi-chart understanding and compar-
ative visual reasoning.

Limitations

Our work has several limitations. ChartDiff covers
only a subset of common chart types and may not
generalize to more complex real-world visualiza-
tions. Although annotations are human-verified,
they are partially LLM-generated and may reflect
annotation bias. In addition, our main evaluation
relies on GPT-Score, which, despite strong correla-
tion with human judgment, is still an imperfect au-
tomatic evaluator. Finally, we focus on open-ended
comparative summarization rather than other multi-
chart reasoning tasks, leaving broader comparative
understanding for future work.

Ethics Statement

ChartDiff is constructed from publicly available
data and synthetically generated charts and does
not contain personal or sensitive information. The
dataset is intended for research purposes only. We
note that models evaluated on this benchmark may
generate incorrect or misleading summaries, and
therefore should not be used in high-stakes appli-
cations without human verification. We encourage
responsible use of the dataset and future work on
improving the reliability and safety of chart under-
standing systems.
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A Dataset Examples

Figure 2: Fifty randomly selected chart pairs from the ChartDiff dataset.
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Chart A (Left) Chart B (Right)

Comparison Summary: A comparison of China’s inflation rates between 1996–2003 and 2009–2016 reveals distinct
differences in economic volatility and overall trends. The 1996–2003 period was characterized by a dramatic plunge from an
initial high of 8.31% to recurring deflationary episodes, hitting a low of -1.4% in 1999 and remaining near or below zero for
most of the timeframe. In contrast, the 2009–2016 period began with slight deflation at -0.73% but quickly spiked to a peak of
5.55% in 2011 before gradually cooling and stabilizing around 2%. Ultimately, while the earlier dataset highlights a persistent
downward trajectory into multiple years of negative inflation, the later dataset demonstrates a rapid post-deflation recovery
followed by sustained, moderate positive inflation.

Figure 3: An example pair of line charts.

Chart A (Left) Chart B (Right)

Comparison Summary: A comparison of Italy’s imports as a percentage of GDP between the 1972–1981 and 1999–2008
periods reveals a substantially higher baseline for imports in the later decade. During the 1970s, the import share started at a
low of 15.51% and experienced significant volatility, notably spiking to 22.28% in 1974 before dropping sharply to 18.67%
the following year. Conversely, the 1999–2008 period operated at an elevated level, beginning at 21.42% and demonstrating a
much smoother overall growth trajectory. This later decade saw steady annual increases from 2003 onward, peaking at 27.70%
in 2007 before slightly plateauing in 2008. Despite the differences in volatility and baseline values, both datasets ultimately
share a consistent long-term upward trend in Italy’s import-to-GDP ratio over their respective ten-year spans.

Figure 4: An example pair of bar charts.
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Chart A (Left) Chart B (Right)

Comparison Summary: A comparison of NIO Inc.’s daily low stock prices in 2022 reveals a significant depreciation in the
stock’s value between January and April. In January, the low prices fluctuated at a relatively high baseline, ranging from
$27.22 to a peak of $30.48 mid-month. By contrast, the late April to early May period shows that prices had plummeted to
a much lower bracket of $15.91 to $19.53. Furthermore, while the January data displayed mild volatility centered around
the $28 to $30 mark, the April data experienced a consistent downward trajectory that bottomed out at $15.91 on April 28.
Overall, the datasets highlight a drastic downward shift in NIO’s market valuation over the first four months of the year.

Figure 5: An example pair of horizontal bar charts.

Chart A (Left) Chart B (Right)

Comparison Summary: Across both periods, Egypt and Sri Lanka show generally moderate inflation punctuated by
occasional spikes, but the earlier period is more volatile overall, especially for Sri Lanka. From 1970–1981, Egypt rises from
low single digits to a late surge in 1980 before easing in 1981, while Sri Lanka swings much more sharply, dropping to near
1% in 1976–1977 before jumping above 12% in 1978 and peaking at 26.15% in 1980. In 1997–2008, Egypt is comparatively
stable at low inflation through the late 1990s and early 2000s, then trends upward after 2003 to 18.32% in 2008, whereas
Sri Lanka remains consistently higher than Egypt in most years and shows repeated double-digit readings, notably in 2001,
2005, 2007, and 2008. A key difference is that the first period features deeper troughs and more abrupt reversals, especially
for Sri Lanka, while the second period shows a clearer upward inflation trend for both countries toward 2008. Overall, Sri
Lanka tends to have higher and more erratic inflation than Egypt in both datasets, with both countries ending each period with
elevated inflation.

Figure 6: An example pair of multi-series line charts.
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Chart A (Left) Chart B (Right)

Comparison Summary: A comparison of cloud cover between Paris and Ho Chi Minh City across two periods in 2022
reveals distinct volatility patterns and seasonal shifts. In mid-March, Paris experienced extreme fluctuations, with cloud cover
plummeting from a near-overcast peak of 97.6% to a low of 8.8%, while Ho Chi Minh City remained relatively stable between
43.9% and 63.4%. Conversely, during the late June to early July period, Ho Chi Minh City experienced an overall increase
in cloudiness, trending upward to a peak of 81.0% on July 1. Paris continued to show high atmospheric volatility during
this summer timeframe, oscillating wildly between a low of 23.2% and a high of 92.8%. Overall, while Paris consistently
demonstrated erratic, sharp shifts in both timeframes, Ho Chi Minh City transitioned from moderate, consistent cloud cover in
the spring to much cloudier conditions in the summer.

Figure 7: An example pair of multi-series bar charts.

Chart A (Left) Chart B (Right)

Comparison Summary: A comparison of Cape Town’s weather distributions reveals a clear transition toward drier and
brighter conditions between the June-August 2022 and September-December 2022 periods. The most notable shift is the
significant decline in rainy days, which dropped from 37.7% in the earlier period to 24.5% in the later months. Concurrently,
partially cloudy conditions surged to become even more dominant, increasing from a 48.2% share to 61.8%. Clear days also
experienced a slight uptick, rising from 11.4% to 13.7%. Additionally, while overcast conditions made up 2.7% of the weather
in the first period, they disappeared entirely from the distribution during the latter timeframe.

Figure 8: An example pair of pie charts.
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Chart A (Left) Chart B (Right)

Comparison Summary: Between 1980 and 1990, India’s imports were relatively stagnant, with absolute values growing
modestly from $17.23 billion to $27.13 billion and the import share of GDP dipping mid-decade before recovering to 8.45%.
In stark contrast, the 2000 to 2010 period exhibited explosive growth, with absolute imports surging from $65.12 billion to
nearly $450 billion. Similarly, India’s imports as a percentage of GDP nearly doubled during the 2000s, climbing rapidly from
13.9% in 2000 to a peak of 29.27% in 2008. While the 1980s data shows mostly flat trends with only mild late-decade growth,
the 2000s dataset reveals a powerful upward trajectory that was only briefly interrupted by a minor contraction in both metrics
in 2009. Ultimately, the comparison illustrates a massive shift in economic scale, highlighting India’s drastically increased
integration into global trade during the 2000s compared to its low import reliance in the 1980s.

Figure 9: An example pair of multi-series line charts.

Chart A (Left) Chart B (Right)

Comparison Summary: A comparison of stock trading volume shares between October 7, 2020, and December 8, 2021,
reveals a dramatic shift in market focus among the five observed entities. Most notably, ZM dominated the trading volume in
2020 with a massive 50.1% share but experienced a steep decline to just 19.0% by late 2021. Conversely, JNJ and LULU
absorbed much of this redistributed volume, with JNJ’s share surging from 16.8% to a leading 27.5%, and LULU’s more than
doubling from 9.7% to 23.9%. LMT also saw a notable increase, nearly doubling its share from 6.5% to 12.8% over the same
period. Meanwhile, BMY was the only remarkably stable stock in the group, maintaining a consistent share of roughly 16.8%
across both dates.

Figure 10: An example pair of pie charts.
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B Prompt templates

Prompt Template for Generating Candidate Annotations

You are a professional data analyst.
You will compare two small datasets (CSV format) that describe one of the following:

1. Data of the same entity across two time ranges
2. Data of two entities across the same time range
3. Data of two entities across two time ranges
4. Multiseries data of the same entity across two time ranges
5. Multiseries data of two entities across the same time range
6. Comparison of multiple entities’ shares across two time ranges
7. Comparison of two entities’ shares across the same time range
8. Comparison of the same entity’s shares across two time ranges

Your task is to identify the main differences between the datasets in terms of trends, fluctuations, or
anomalies.
Your response should be concise, accurate, and informative.

Dataset A:
<CSV_A>

Dataset B:
<CSV_B>

Write your comparison as a single cohesive paragraph of no more than five sentences. Do not use
bullet points or lists.

Figure 11: Prompt template for generating candidate annotations.
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Prompt Template for Judging Candidate Annotations

You are an expert evaluator for chart-comparison annotations.
You will receive:

1. Dataset A in CSV format
2. Dataset B in CSV format
3. A candidate comparison summary

Your task is to decide whether the candidate summary should be accepted as a valid annotation.
Judge the summary ONLY against the CSV data.

Accept the summary only if:
- it is factually supported by the data
- it captures the main differences between the datasets
- it does not omit the dominant trend, anomaly, ranking change, or share change
- it is clear and specific rather than generic

Reject the summary if:
- it contains any material factual error
- it confuses Dataset A and Dataset B
- it invents unsupported claims
- it is too vague to be useful
- it misses an important difference shown in the data

Material factual errors include:
- wrong trend direction
- wrong relative comparison
- wrong anomaly/peak/trough/crossover
- wrong share or ranking statement
- incorrect entity/category/time interpretation

Return only one word:
ACCEPT

or
REJECT

Dataset A:
<CSV_A>

Dataset B:
<CSV_B>

Candidate summary:
<CANDIDATE_SUMMARY>

Figure 12: Prompt template for judging candidate annotations.
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Prompt Template for Generating Comparison Summaries

You are a professional data analyst.

Compare Chart A (left) and Chart B (right) using only the information visible in the charts.

Focusing on how their data differs in terms of overall trends, fluctuations, and any notable anomalies
and emphasize the most important contrasts between the two charts rather than describing each
chart independently.

Your analysis must be concise, accurate, and written as a single cohesive paragraph of no more
than five sentences.

Avoid bullet points, lists, or redundant phrasing.

<PAIR_IMAGE>

Figure 13: Prompt template for generating comparison summaries.

Prompt Template for Generating Comparison Summaries in Pipeline Methods

You are a professional data analyst.

Compare table A and table B using only the information in the tables.

Focusing on how their data differs in terms of overall trends, fluctuations, and any notable anomalies
and emphasize the most important contrasts between the two tables rather than describing each
table independently.

Your analysis must be concise, accurate, and written as a single cohesive paragraph of no more
than five sentences.

Avoid bullet points, lists, or redundant phrasing.

Table A:
<TABLE_A>

Table B:
<TABLE_B>

Figure 14: Prompt template for generating comparison summaries in pipeline methods.
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Prompt Template for Generating LLM Random Guesses

You are a professional data analyst.
You will compare two small datasets (CSV format) that describe one of the following:

1. Data of the same entity across two time ranges
2. Data of two entities across the same time range
3. Data of two entities across two time ranges
4. Multiseries data of the same entity across two time ranges
5. Multiseries data of two entities across the same time range
6. Comparison of multiple entities’ shares across two time ranges
7. Comparison of two entities’ shares across the same time range
8. Comparison of the same entity’s shares across two time ranges

Your task is to identify the main differences between the datasets in terms of trends, fluctuations, or
anomalies.
Your response should be concise, accurate, and informative.

Randomly guess a reasonable comparison based on the above instruction only as a single cohesive
paragraph of no more than five sentences.
Directly write the comparison as if you access two small datasets.
Do not use bullet points or lists.

Figure 15: Prompt template for generating random guesses from an LLM.
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Prompt Template for Generating GPT Score - Part 1

You are an expert data analyst and evaluator.
You will receive:

1. Dataset A (CSV format), corresponding to Chart A (the left chart)
2. Dataset B (CSV format), corresponding to Chart B (the right chart)
3. A reference analysis (intended correct comparison)
4. A candidate analysis (to be evaluated)

Both analyses describe the differences between two charts derived from the datasets.

Your task is to evaluate the quality of the candidate analysis.

IMPORTANT PRINCIPLES:
- The datasets are the ultimate source of truth.
- The reference analysis is a guideline for expected coverage and importance, but it may

contain minor imperfections.
- Do NOT reward surface similarity to the reference if the content is incorrect.
- Do NOT penalize the candidate for wording differences if the meaning is correct.

Evaluation Procedure (follow internally, do not output):
1. First, analyze Dataset A and Dataset B to identify the key differences:

- overall trends (increasing, decreasing, stable)
- fluctuations (volatility, variability)
- notable anomalies (peaks, drops, outliers)
- major contrasts between the two datasets

2. Check whether the reference analysis correctly reflects these differences.
- If the reference is partially incorrect, rely on the data instead.

3. Evaluate the candidate analysis based on:
(a) Accuracy

- Are the statements factually consistent with the datasets?
- Any contradictions or incorrect claims should be heavily penalized.

(b) Completeness
- Does the candidate cover the main differences identified from the data?
- Missing minor details is acceptable, but missing key trends is not.

(c) Faithfulness
- Does the candidate avoid hallucinating patterns not supported by the data?

(d) Clarity
- Is the analysis coherent, concise, and easy to understand?

(Continued in Figure 17)

Figure 16: Prompt template (Part 1) for generating GPT Score.
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Prompt Template for Generating GPT Score - Part 2

(Continued from Figure 16)
Scoring:

Give a single integer score from 0 to 5:
5 = Excellent: Factually correct, captures all key differences, clear and concise
4 = Good: Mostly correct, minor omissions or small inaccuracies
3 = Fair: Partially correct, noticeable gaps or some incorrect statements
2 = Poor: Major errors or missing important trends
1 = Very poor: Mostly incorrect or largely irrelevant
0 = Fail: Completely incorrect, nonsensical, or empty

Scoring Rules:
- Prioritize factual accuracy over similarity to the reference.
- If the candidate contradicts the data, score must be ≤ 2.
- If the candidate misses the main trend, score must be ≤ 3.
- Minor wording or structure issues should NOT significantly reduce the score.

Output Format:
Return ONLY a single integer (0-5).
Do NOT provide any explanation or additional text.

Dataset A (Chart A - LEFT):
<CSV_A>

Dataset B (Chart B - RIGHT):
<CSV_B>

Reference analysis:
<GROUND_TRUTH_ANNOTATION>

Candidate analysis:
<CANDIDATE_ANALYSIS>

Figure 17: Prompt template (Part 2) for generating GPT Score.
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Abstract

The precolonial and early colonial Mixtec
codices describe the history and stories of the
region in a semasiographic medium that is
full of symbolic representations and meant to
be narrated. Recently, the community has in-
troduced datasets of XML representations of
related media, including Aztec codices and
Mayan hieroglyphic script, in a step towards
symbolic machine interpretation of these his-
toric Mesoamerican artifacts. In this work, we
propose formal symbolic machine interpreta-
tion of XML encodings representing facsimile
images from the Mixtec Codex Zouche-Nuttal.
We demonstrate the efficacy of symbolic ma-
chine interpretation from XML step-by-step,
showing how our parser and interpreter process
text capturing a scene from the Mixtec Codex
Zouche-Nuttall. We hope our contribution and
the example we provide motivate collaboration
among the archaeological, historical, linguis-
tic, and natural language processing research
communities to apply machine interpretation
to Mixtec codices and similar manuscripts.

1 Introduction

The Mixtec codices are pictographic manuscripts
left by the Mixtec peoples of precolonial and early
colonial Mesoamerica and are an example of se-
masiographic media. Modern examples of sema-
siographic media include comics, manga, many
street signs, storyboards, etc. Like comics or mo-
tion picture storyboards (Boone, 2000; Byland and
Pohl, 1994), Mixtec Codices use human glyphs in-
teracting with objects and each other, mediated by
artistic conventions, to convey legends and histo-
ries about ancestors and/or to record those ances-
tors’ genealogies (Williams, 2013; Boone, 2000).
A long body of historical and linguistic literature
explores human interpretation of Mixtec Codices
(Williams, 2013), but there is little or no work in-
vestigating machine interpretation of the codices.
Our primary contribution is therefore a recursive

S

Sent

Date Clause

Clause_f Clause_f

Year Human
Name-
Date

Human
Name-
Date

“In Year 6 Flint Day 7 
Eagle Lady 9 Eagle 
married Lord 6 
Alligator"

“Lady 9 Eagle 
married Lord 6 

Alligator“

“In Year 6  
Flint Day 7 
Eagle"

Name-
Date

Obj_tail

Obj

“Lady 9 Eagle"

“Lord 6 
Alligator"

“House“ (Sig. 
marriage)

Figure 1: The abstract syntax tree (AST) for the sen-
tence “In Year 6 Flint Day 7 Eagle Lady 9 Eagle married
Lord 6 Alligator” from Page 26 of the Codex Zouche-
Nuttall (obverse) (Provided courtesy of the British Mu-
seum). Nonterminal tree nodes are in Blue. Tokens
corresponding to the glyphs are in Orange.

descent parser and interpreter for XML represen-
tations of Mixtec scenes, and we will discuss this
contribution in the context of a broader machine
interpretation pipeline to drive discussions about
future work necessary to automatically generate
this XML representation.

Figure 1 provides an example of the parser at
work. The semasiographic interpretation pipeline is
elaborated in Figure 2, and the grammar is provided
in Figure 6. Our code is available online.1

2 Related Work

For more than a century, interpretations of the pic-
tographic codices left behind by the indigenous
peoples of Mexico, the Mixtec, have been offered
in the academic literature (Williams, 2013). In

1https://github.com/ufdatastudio/
mixtec-parser
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Scanning Object 
Detection

Classification Sequencing Parsing Output

• G: Female

• P: Sitting

• O: Right

Human

Tokens… Human

Human

Clause_f “Lady…”Tokens…

Figure 2: Semasiographic machine interpretation pipeline processing a single human glyph. (Example provided
courtesy of the British Museum.) Scanning receives the input image. Object Detection detects the human glyph.
Classification extracts its features and assigns them to a human token. Sequencing places the token in sequence with
other tokens. Parsing places it into an AST. Finally, Output says “Lady” corresponding to the glyph’s gender.

this work, we focus on an example of pictographic
Mixtec writing from Page 26 of the Codex Zouche-
Nuttall (CZN) (obverse) which was first published
in facsimile by Zelia Nuttall and the Peabody Mu-
seum at Harvard University in 1902 (Williams,
2013; Nuttall, 1902). Williams (2013) dates the
writing of this manuscript to the 14th or 15th cen-
turies. Since its initial publication for the modern
audience more than 120 years ago, the CZN has
been reproduced, analyzed, and interpreted by nu-
merous authors (Long, 1926; Caso, 1977; Troike,
1978; Boone, 2000; Williams, 2013). Despite this
rich history of human interpretation and recent ad-
vancements in computer vision and machine learn-
ing technologies, machine interpretation of Mixtec
codices like the CZN is not well studied.

Related works in the current century take
steps toward machine interpretation for similar
Mesoamerican manuscripts. Perri et al. (2024) ex-
plore encoding and interpreting the nested features
corresponding to agglutinative linguistic elements
present in a folio of the Aztec Codex Mendoza
(Perri et al., 2024; Fedorova et al., 2024). Other
research develops an XML encoding schema for
the hieroglyphic script of the Maya (de la Iglesia
et al., 2021). We are therefore inspired to persue
sybmolic interpretation of the Codex Zouche Nut-
tall through XML representation. However, unlike
the agglutinative Codex Mendoza or Mayan hiero-
glyphic scripts in these examples, Mixtec codices
are pictographic manuscripts that do not corre-
spond systematically to specific linguistic content.
Instead, they are read semasiographically like a sto-

ryboard or comic book (Boone, 2000; Byland and
Pohl, 1994).

We are most interested in three glyph types from
Mixtec codices: human glyphs, name-dates, and to-
ponyms. Human glyphs represent persons, normal
human beings or deities, in the Mixtec Codices;
name-dates correspond to calendar dates or names
of characters; and toponyms convey setting infor-
mation (Boone, 2000; Williams, 2013).

(a) (b)

Figure 3: Human Glyphs: male Lord (a) and female
Lady (b) human glyphs from the CZN (Provided cour-
tesy of the British Museum).

Human Glyphs Interpretation of human glyphs
relies on artistic conventions regarding the charac-
ters’ genders, poses and orientations. Webber et al.
(2024) propose classifiers to determine whether
glyphs are male/female (Gender) or standing/sitting
(Pose). Binary classifiers learn classification on iso-
lated glyphs for the gender and pose attributes with
>97% test accuracy. Examples of male and female
human glyphs are shown in Figure 3.
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(a) (b)

Figure 4: Name-Date Glyphs: Name/Date 8 Wind (a)
and Year 5 House (b) from the CZN (Provided courtesy
of the British Museum). Note the distinguishing pres-
ence of the AO symbol in (b).

Names-Date Glyphs Transcriptions of name-
date glyphs take forms like “4 Wind” or “10 Ser-
pent,” when they represent names, or forms like
“Day 1 Alligator” or “Year 13 Rabbit,” when they
represent days and years, respectively. Examples
of a name-date and a year are provided by Figure 4.
Name-date interpretation is more mechanical than
interpreting the other glyphs. Glyphs are comprised
of one of 20 symbols (only 4 are valid for years)
and a number 1 through 13 according to the number
of beads affixed to the glyph. First, one classifies
glyphs as names/dates or years based on the pres-
ence of an ‘AO’ symbol (Boone, 2000), visible in
Figure 4 (b), corresponding to a binary classifica-
tion task. Second are two independent multiclass
classification tasks. One is to recognize the name-
date’s symbol, and the other to count (classify ac-
cording to quantity) bead subglyphs that convey
the name-date’s number (Boone, 2000). Results
for these classification tasks already exist in the
Mixtec machine interpretation literature (Salunke
et al., 2025).

Toponyms Toponyms (place signs), complex
glyphs in Mixtec codices that typically correspond
to a place, often indicate the setting of events
recorded in the codices (Boone, 2000; Williams,
2013). Interpretation of toponyms is nuanced and
often relies on archaeological evidence (Smith,
1973; Pohl, 1994; Boone, 2000) and sometimes
word-play in the Mixtec language (Boone, 2000).
As an example, we include a toponym that reads
“Yucu Dzaa” or “Hill of the Bird.” (Boone, 2000)
from page 45 of the CZN (reverse) as Figure 5.

Figure 5: Toponyms: Typonym representing “Yucu
Dzaa” or “Hill of the Bird” (Boone, 2000) from page 45
of the CZN (reverse) (Provided courtesy of the British
Museum).

3 Methodology

In this work, we introduce a formal symbolic ma-
chine interpretation of an XML representation of
Mixtec codices with aspirations of integrating it
into a broader pipeline. Figure 2 lays out this
pipeline in detail. As our contribution, we pro-
vide a context free grammar (CFG), parser, and
interpreter for the Mixtec codices. We situate the
XML parser and interpreter at the final Parsing
and Output steps of the semasiographic machine
interpretation pipeline we introduce. Assuming
correct tokenization (in the XML form defined by
the grammar) at the Sequencing step and correctly
populated attributes at the Classification step, we
implement Parsing by devising a CFG and imple-
menting an ANTLR4-generated parser (Parr, 2013).
We accomplish Ouput via the interpreter.

3.1 Rationale

We employ ANTLR recursive descent parsing since
the relationship between the Mixtec glyphs is hier-
archical in nature. By defining the last stages of the
pipeline first, we establish a precise design contract
for the earlier feature extraction steps. In particu-
lar, the parser’s need to resolve nested structures,
such as a name-date modifying a human, requires
that a finished pipeline must capture not just glyph
identity and position, but relational attributes like
orientation and containment in Sequencing

3.2 Token Structure

In the CFG elaborated by Figure 6, the follow-
ing token types appear: Humans (H), Years
(Y), Name-Dates (ND), Objects (OBJ), and
Near Objects (NEAR_OBJ). These correspond
to classes of glyphs that appear in Mixtec
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document → XML_DECL DOCUMENT_OPEN (
SCENE_OPEN sent SCENE_CLOSE
)+ DOCUMENT_CLOSE

sent → clause
| OBJ ( date clause | clause )
| date ( OBJ clause | clause )

clause → clause_f+ ( date_tail | obj_tail | ϵ )
date_tail → date ( OBJ clause_f+ | clause_f+ | ϵ )
obj_tail → OBJ ( date clause_f+ | clause_f+ | ϵ )
date → Y ( ND | ϵ )
clause_f → H ( ND | near_date | ϵ )
near_date → NEAR_OBJ ( ND | ϵ )

Figure 6: The Context Free Grammar (CFG) imple-
mented by the ANTLR4 parser to check whether Mixtec
tokens sequences are valid for interpretation. Uppercase
items denote lexer tokens; document is the start rule
enclosing one or more scenes, and sentences (sent)
take object-initial, date-initial, or clause-only forms.

codices. In addition, XML_DECL, DOCUMENT_OPEN,
DOCUMENT_CLOSE, SCENE_OPEN, and SCENE_CLOSE
are structural tokens used to define the document
format. The start symbol document requires an
XML declaration and a document wrapper contain-
ing one or more scene elements. An enumeration
of the token types appears in Table 1.

Tokens of type H represent human glyphs from
the Mixtec codices and have three attributes: Gen-
der (Male/Female), Pose (Sitting/Standing), and
Orientation (Left/Right). Year and Name-Date
tokens encapsulate Symbol (One of 20 Symbol
Names) and Number (Integer, 1-13) attributes.

Tokens of the obj and near_obj types simply
have an Identity attribute that labels the object
for the parser and interpreter. Assignment of the
Identity attribute corresponds to a straightforward
object recognition task performed on object glyphs.
The distinction between these two types of token is
that near_obj represent objects that are associated
with a specific person, giving context about them.

3.3 Parser

The Mixtec parser is designed for the Parsing step
of the semasiographic interpretation pipeline in Fig-
ure 2 and implements the grammar in Figure 6. It
takes XML input, and an example of this XML fol-
lows this paragraph. It is built using an ANTLR4
lexer and parser, which process the tokens assum-
ing the token structure we elaborate in the previous
section. The lexer recognizes each glyph-bearing
XML element (e.g., <human .../>, <year .../>,
<obj .../>) as a single token, and the parser ap-
plies the context-free rules for documents, scenes,
and sentences.

As a concrete example, consider the following
XML-form input:

<?xml version="1.0" encoding="UTF -8"?>
<document >

<scene >
<year x="0" y="0" symbol="House" number="5"

/>
<human x="0" y="0" gender="Lord" pose="

standing" orientation="right" />
<name_date x="0" y="0" symbol="Wind" number

="4" />
<human x="0" y="0" gender="Lady" pose="

sitting" orientation="left" />
<name_date x="0" y="0" symbol="Serpent"

number="10" />
</scene >

</document >

The parser and interpreter process this input into
the following output:

“In Year 5 House Lord 4 Wind consulted
Lady 10 Serpent.”

The ANTLR4 parser produces a concrete parse
tree for valid inputs. A custom visitor then tra-
verses this tree, converts the ANTLR tokens into
the internal token classes described in the previous
section, and constructs the corresponding abstract
syntax tree (AST).

3.4 Interpreter
Our interpreter implements the Output step of the
machine interpretation pipeline by applying a visi-
tor pattern over the ANTLR4 parse tree. The visitor
methods construct an abstract syntax tree (AST)
from the parser rule contexts (PRCs) and attach
interpretation rules to each node.

The algorithm is as follows. For each internal
node r (corresponding to a parser rule context):

1. Visit all of r’s children and collect their return
values.

2. Construct a TreeNode object of the appropri-
ate type (e.g., Clause, Date, Sent) using the
results from step (1).

3. Return the constructed object if r is not
the start symbol. If r is the start sym-
bol (document), return the result of calling
interpret() on the root node, which pro-
duces the final textual interpretation.

For each leaf node l (terminal token):

1. Read the XML string of the token.

2. Construct the appropriate token object (e.g.,
Human, Year, Name-Date, Object, Near-
Object), populating its attributes from the
XML.

3. Wrap the token in a LeafNode and return it.
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Figure 7: Example from Page 26 of the CZN (obverse)
(Provided courtesy of the British Museum) shown in
Figure 1. The AST and annotations are removed to ex-
hibit image features. Interpretation: “In Year 6 Flint
Day 7 Eagle Lady 9 Eagle married Lord 6 Alligator”

Each TreeNode implements an interpret()
method that specifies how its children combine into
semasiographic meaning. For example, a Clause
node may contain a rule recognizing the Mixtec
motif of two seated persons of opposite gender in
a house, which corresponds to a marriage (Boone,
2000). A Date node joins a year (Y) and an optional
name-date (ND), while a Sent node concatenates
its parts into a sentence. The start rule (document)
aggregates across multiple sentences to yield the
final interpretation.

This visitor-based design cleanly separates pars-
ing from interpretation: ANTLR4 enforces the
grammar, the visitor constructs the AST, and the
interpret() methods provide domain-specific se-
mantics grounded in the Mixtec codices.

4 Illustrative Example

In this section, we will demonstrate the present
contribution using the example in Figure 7. In par-
ticular, we will show how the parser and interpreter
process an XML representing that scene into the
following output:

“In Year 6 Flint Day 7 Eagle Lady 9
Eagle married Lord 6 Alligator”

We begin with the XML document that the parser
assumes from previous stages in the pipeline, show
how it is lexed into a token stream, how it is parsed,
and how it is finally interpreted into the above out-
put.

4.1 Lexing Mixtec Scenes in XML Encoding
From the stages prior to Parsing, we begin with the
following XML document:

<?xml version="1.0" encoding="UTF -8"?>
<document >

<scene >
<year x="0" y="0" symbol="Flint" number="6"

/>
<name_date x="0" y="0" symbol="Eagle"

number="7" />
<human x="0" y="0" gender="Lady" pose="

sitting" orientation="right" />
<name_date x="0" y="0" symbol="Eagle"

number="9" />
<object x="0" y="0" identity="house">
<human x="0" y="0" gender="Lord" pose="

sitting" orientation="left" />
<name_date x="0" y="0" symbol="Alligator"

number="6" />
</scene >

</document >

The ANTLR parser combines the lexing and
parsing required to convert this raw text in to an
AST. In this section, we cover the former. Fol-
lowing the tokens shown in Figure 6, we define
a document as an XML declaration (<?xml ...>)
followed by a document opening tag (<document>).
Within the document, a number of scenes (at least
one) are nested. Each begins with scene opening
tag (<scene>) and ends with the corresponding
closing tag (</scene>). The document ends with
the closing (</document>). Each of these lexi-
cal features corresponds in the obvious way to the
tokens in the grammar, but they are enumerated
explicitly in Table 1.

Token Feature Regular Expression
Y Year ‘<year’ .*? ‘/>’
H Human ‘<human’ .*? ‘/>’
ND Name-Date ‘<name_date’ .*? ‘/>’
OBJ Object ‘<obj’ .*? ‘/>’
NEAR_OBJ Near Object ‘<near_obj’ .*? ‘/>’
DOCUMENT_OPEN Meta ‘<document>’
DOCUMENT_CLOSE Meta ‘</document>’
SCENE_OPEN Meta ‘<scene>’
SCENE_CLOSE Meta ‘</scene>’
XML_DECL Meta ‘<?xml’ .*? ‘?>’

Table 1: Token classes, their corresponding features
in the Mixtec input, and their regular expression as it
appears in our ANTLR grammar file. “Meta” in the
Feature column indicates that the token is metadata and
represents an XML tag rather than input features.

Within the scenes, things are more interesting.
The straightforward correspondence between tag
names and token types is maintained, but informa-
tion is encoded within tags that must be retained
by the tokens after lexing. However, lexing is only
concerned with the type of tokens and their proper
order in its output: the token stream, so it merely
records the tags within scenes as the corresponding
token type (H, ND, NEAR_OBJ, OBJ, Y) and encoded
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Year

• S: Flint

•N: 6

Name-Date

• S: Eagle

•N: 7

Human

•G: Female

•P: Sitting

•O: Right

Name-Date

• S: Eagle

•N: 9

Obj

• I: House

Human

•G: Male

•P: Sitting

•O: Left

Name-Date

• S: Alligator

•N: 6

Figure 8: The token stream produced by lexing the XML received from the Scanning stage with insets of corre-
sponding features in the example from Page 26 of the CZN (obverse) (Provided courtesy of the British Museum).
Full example provided in Figure 7.

the information inside of the tags in these tokens’
attributes. The result is shown in Figure 8. The
tokens are ordered according to their appearance
within the scene, and the scene is nested within
SCENE_OPEN and SCENE_CLOSE tokens, which are
nested inside the document tokens.

Astute readers may have noted two things about
the regular expressions in Table 1 and the XML
we assume from the pipeline’s early steps in this
section. We discuss these observations here.

First, the attributes populated in each of the XML
tags corresponding to feature tokens are not gov-
erned by the regular expressions. In each case,
there is a wild card inside the that says any input
can be placed between the open and close of the
XML tag. This policy may seem too loose, but it
is actually an implementation decision taken with
a view toward the parser’s continued development
as other steps of the interpretation pipeline emerge.
Likewise, the second observation stems from tak-
ing advantage of the loose regular expressions. In
each of the XML tags provided in our example,
we have ‘x’ and ‘y’ coordinates of 0. These are
left as 0, even though the XML parser and inter-
preter we contribute is not responsible for filling
in these attributes, as an example of attributes that
future parsers and interpreters will require of the
XML. Future contributions at previous steps in the
overall pipeline will decorate XML tags with these
positional attributes. This exemplifies how permis-
sive regular expressions in this contribution more
readily catalyze such advancements in the project.

4.2 Parsing From Tokens

The stream of tokens produced in the previous sub-
section is the input for the parser. The grammar
dictated in Figure 6 has been encoded into a gram-

mar file for the ANTLR compiler compiler pack-
age complete with token definitions from Table 1.
ANTLR generates a parser and lexer for the XML
input. While lexing has been covered in depth,
we now review how the parser produces an AST
for the input through the recursive descent parsing
algorithm.

From tokenization of the XML, according to the
regular expressions given by Table 1, the parser im-
plements recursive descent and creates an AST for
valid inputs by expanding rules from the CFG (see
Figure 6). For example, the rule for a document
is expanded to get at the one or more sent sen-
tence constructions within it. In turn, the parser de-
composes each sentence into the appropriate form
according to the corresponding <scene> tag’s inter-
nal lexical features. In Figure 1, we give the AST
our XML parser generates for the scene in Figure 7
as a first impression of our contribution.

4.3 Unhandled Features

Before our concluding remarks, we will review
shortly some examples that our current parser and
interpreter are fit to handle. Here, we will give
several negative examples and explain briefly why
handling them has been left to future work.

In Section 2, we first visited toponyms to de-
scribe their place in the human Mixtec interpreta-
tion literature. Since that point, we have left them
out of the dicsussion, and analysis of the grammar
and regular expressions we provide will show no
token type(s) dedicated to them or place for these
features in the grammar. The reasons for this fol-
low from existing Mixtec literature, but we have
left it for this section to explain.

Recall that the toponym in Figure 5 is read “Yucu
Dzaa” which translates to the English “Hill of the
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Bird” (Boone, 2000). We observe the head of a bird
drawn behind an ornate pattern on the right side of
a hill-shaped figure. Less distinct in this example
is the human chin drawn through the bird’s lower
jaw. This feature is a phonetic component that
specifies we should read the bird in this toponym
as “Dzaa” (Boone, 2000).

Mixtec toponyms have been actively studied
since the 1970s (Smith, 1973; Pohl, 1994; Boone,
2000). Despite this rich tradition, interpretation is
very nuanced, as Figure 5’s example shows. In-
terpretation can rely on phonetic features in the
original language (Smith, 1973; Pohl, 1994; Boone,
2000) or even fall back on archaeology (Boone,
2000). Interpretations of most toponyms remained
elusive even at the turn of this century (Boone,
2000). For this reason, toponyms are excluded
from the present work, and a parser we detail in
previous sections is not designed for them.

The number of objects in the CZN alone is large
enough that enumerating, detecting, and classify-
ing them could be its own project. We do not try to
attempt it here; and the range of objects supported
by the current implementation of Parsing and Out-
put is quite limited in comparison to sum total of
objects and near-objects that one could find in the
source material.

Likewise, distinguishing between what is an ob-
ject on its own, such as a house, and what is a
near-object, like parts Lord 6 Alligator’s headdress,
has not yet been accomplished, either here or in
the related work. While it may in that case seem
paradoxical to include them in the present imple-
mentation, we have reason to include the NEAR_OBJ
type anyway.

Despite the important setting details they impart,
we cover above how toponyms are presently ex-
cluded because they cannot be well understood by
the current method. It stands to reason we would
exclude near-objects or incorporate them with the
generic object tokens for the same reason. Instead,
however, we understand that such features are not
just pivotal to understanding the codices but also
know they have a place within the sentences we
form from scenes. Further, while no method cur-
rently exists, the problem does not seem as doubtful
as toponym interpretation from a machine learning
perspective. We therefore include near-objects in
the grammar to anticipate future works that will
enable us to distinguish them at earlier pipeline
steps.

5 Future Work

Future work must expand the limited grammar,
parser, and interpreter we propose before these
tools are suitable for broad application. In par-
ticular, the coverage of sentence structures in the
current grammar is narrow and should be extended
to include additional motifs and constructions de-
scribed in the Mixtec literature. While the present
contribution and example serve as proof of concept,
significant work remains before it can be applied
to a variety of examples.

Another key direction is the development of sys-
tems that complete steps in the machine interpreta-
tion pipeline prior to Parsing. In particular, we an-
ticipate systems that automatically segment glyphs
in codex facsimiles and output the XML required
by our regular expressions. The community must
devise computer vision tools that are competent to
segment scenes in the CZN into the various token
classes we identify.

Equally important is extending classifier cov-
erage beyond humans and name-dates. In par-
ticular, automated methods for detecting OBJ and
NEAR_OBJ tokens are necessary for coherent scene-
level interpretation.

Toponyms are, as we have already discussed, im-
portant sources of setting information for Mixtec in-
terpretation. Without sound methods for decipher-
ing toponyms, setting details in Mixtec Codices,
important context for overall narratives, will re-
main out of reach even as the parser and interpreter
support for other features expands. However, as
we review previously, the correct interpretations of
these complex, enigmatic glyphs are often in debate
among Mixtec experts, which significantly compli-
cates evaluation of automatic toponym recognition.
Thus, it is difficult to say whether a machine in-
terpretation of toponyms is possible given current
understanding of those glyphs.

Limitations

The present grammar, corresponding parser, and
the interpreter are quite limited in their scope, only
covering a handful of Mixtec scene structures.

Related works have yet to produce any system
that completes the steps of the machine interpre-
tation pipeline up to Scanning, and these steps
are necessary for the generation of XML encoded
scenes that the present contribution is fit to interpret.
The current work cannot serve any practical func-
tion without intensive human supervision. Without

236



an automated method for producing XML, the sig-
nificant hurdle of manually preprocessing any input
into the XML encoding our system expects stands
in the way of future progress and improvements to
interpreting Mixtec Codices. Further, while we de-
vise the machine interpretation pipeline as a fram-
ing device in which to place our contribution, its
use presupposes that the early steps are feasible
with present computer vision and natural language
processing techniques. While we are confident in
the ability of language-vision researchers, we make
very few claims about how automated construction
of the required XML may be affected.

In particular, there is currently no classifier to
label object glyphs or to populate the Identity at-
tribute of OBJ and NEAR_OBJ tokens, but these to-
kens are included in the grammar and handled by
the machine parser and interpreter because object
handling is necessary for any coherent interpre-
tation of Mixtec codices. There is also not yet
recognition systems to distinguish objects in the
Mixtec Codices as OBJs versus NEAR_OBJs.

Curiously, our example in Figure 7 illustrates
a final limitation. Citing nearby context, experts
conclude that the scribe who authored the CZN (ob-
verse) mistakenly renders the Lord’s name as “6 Al-
ligator” instead of “5 Alligator” (Williams, 2013).
Detecting such errors is an important task but well
beyond our present capabilities. The present con-
tribution merely interprets XML representations of
the Mixtec Codices as they are written. Indeed, it
will be an interesting challenge for language-vision
research to detect typographical errors such as the
one in Page 26 of the CZN, and we look forward
to future contributions in this direction.
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Abstract
Real-time sign language translation must gen-
erate text incrementally as signs arrive, yet
existing streaming policies treat glosses as a
flat token sequence and discard the tempo-
ral rhythm of signing. Inter-gloss pauses re-
liably mark sentence boundaries in continuous
discourse, but policies such as Wait-k cause
arbitrary cross-boundary fragmentation. We
propose Temporal-Linguistic Adaptive Stream-
ing (TLAS), which fuses a Temporal Pause
Detector (TPD, tracking inter-gloss interval
statistics via an exponential moving average)
and a Linguistic Readiness Estimator (LRE, a
trained neural head on a frozen T5 encoder)
through an Adaptive Fusion Gate (AFG). A
proactive timeout fires before the next gloss
arrives when the inter-gloss gap exceeds a
threshold, producing clean sentence segmenta-
tion without oracle boundary information. We
also contribute a synthetic discourse dataset
of 1,400 ASL discourse groups with LLM-
generated per-gloss timestamps and introduce
a continuous-stream evaluation paradigm re-
quiring autonomous boundary detection from
an unbroken gloss stream. Under such condi-
tions, TLAS significantly outperforms current
heuristic baselines, such as Wait-k, and meth-
ods relying solely on linguistic content.

1 Introduction

Approximately 70 million people worldwide rely
on sign languages as their primary mode of com-
munication (World Health Organization, 2021). In
healthcare triage, legal proceedings, and emergency
response, the absence of a real-time interpreter can
delay diagnoses, produce inadmissible testimony,
or prevent timely access to services. Automated
sign language translation systems capable of oper-
ating in real time would substantially reduce these
barriers; yet the large majority of existing systems
require a complete, pre-recorded input before pro-
ducing any output, making them unsuitable for in-
teractive deployment.

A central challenge in building such systems is
the structural mismatch between visual sign pro-
duction and spoken-language text. American Sign
Language (ASL) employs spatial grammar, topic-
comment ordering, and non-manual markers that
do not correspond one-to-one with English syn-
tax. A direct video-to-text approach must simul-
taneously solve recognition (mapping continuous
visual motion to discrete linguistic units) and trans-
lation (mapping one language to another), two tasks
whose error rates compound. The standard solution
is a two-stage pipeline: a vision module converts
video frames into a sequence of glosses (discrete
lexical labels for individual signs), and a translation
model maps the resulting gloss sequence to fluent
target text. The monotonic gloss-to-token corre-
spondence makes streaming translation tractable:
as each gloss arrives, the system can decide, based
on accumulated context, whether to wait for addi-
tional signs or commit to generating output. This
paper addresses the gloss-to-text stage under real-
time, continuous-stream conditions.

Existing streaming policies borrowed from
spoken-language simultaneous translation fail to
exploit a modality-specific signal that is readily
available in the gloss stream: the temporal rhythm
of signing. Within a sentence, inter-gloss intervals
range from approximately 300 to 650 ms; between
sentences, signers pause for 2 to 7 seconds. Wait-
k (Ma et al., 2019) and TransLLaMa (Koshkin et al.,
2024) treat the gloss stream as a flat token sequence
and discard this temporal information entirely, frag-
menting multi-sentence discourse arbitrarily across
boundaries and forcing the translation backend to
complete incoherent partial sentences or produce
hallucinated continuations. A policy that moni-
tors inter-gloss gap statistics could instead detect
sentence boundaries before the next sentence be-
gins, enabling clean segmentation and preserving
discourse coherence across translations.

A further obstacle to progress is the absence of

239



publicly available datasets that pair continuous dis-
course gloss streams with per-gloss arrival times-
tamps. Without such a benchmark, it is impos-
sible to measure continuous-stream segmentation
quality or to study the effect of timestamp degra-
dation (e.g., jitter introduced by a real-time vision
module) on translation policies. Existing resources
such as ASLG-PC12 (Othman and Jemni, 2012)
provide isolated sentence pairs without temporal
annotations, and sentence-level evaluation conceals
the boundary-detection failures that dominate real-
world deployment.

We propose Temporal-Linguistic Adaptive
Streaming (TLAS), a streaming policy that fuses
temporal pause detection and neural linguistic
readiness estimation through an adaptive gate, with
a proactive timeout mechanism for clean inter-
sentence segmentation in continuous discourse. We
further contribute (a) a synthetic discourse dataset
of 1,400 ASL discourse groups with per-gloss
timestamps spanning three conversation types, and
(b) a continuous-stream evaluation paradigm in
which policies must segment and translate an un-
broken multi-sentence gloss stream without oracle
boundaries. Timestamp robustness experiments
demonstrate that the temporal and linguistic sig-
nals are complementary: TLAS-temporal maxi-
mizes quality under reliable timing while TLAS-
linguistic provides a timestamp-invariant floor. The
main contributions of this work are:

• TLAS architecture: a streaming policy that
fuses temporal pause detection and neural lin-
guistic readiness estimation through an adap-
tive gate, with a proactive timeout mechanism
for clean inter-sentence segmentation in con-
tinuous discourse.

• Continuous-stream evaluation paradigm
(E2): a discourse-level benchmark protocol
in which policies must segment and translate
an unbroken multi-sentence gloss stream, to-
gether with quantitative analysis of segmenta-
tion quality across five streaming policies.

• Synthetic discourse dataset: 1,400 ASL dis-
course groups with per-gloss timestamps span-
ning three conversation types, released to sup-
port future research in continuous-stream sign
language translation.

• Timestamp robustness analysis: a system-
atic study of translation quality under three

timestamp conditions (realistic, uniform, and
noisy), demonstrating that TLAS-linguistic is
effectively timestamp-invariant while TLAS-
temporal degrades gracefully, with implica-
tions for deployment in the presence of vision-
module latency.

2 Related Work

2.1 Sign Language Translation

Sign language translation decomposes into two
stages: visual recognition, which maps continuous
video to a discrete gloss sequence, and gloss-to-
text translation, which produces fluent target lan-
guage output (Kermani et al., 2025). Early recogni-
tion systems combined hand-crafted visual features
with HMM-based sequence models to handle mul-
tiple signers across large vocabularies (Koller et al.,
2015). Camgöz et al. (Camgöz et al., 2018) intro-
duced the first neural gloss-to-text system, adapting
attention-based sequence-to-sequence architectures
originally developed for spoken language transla-
tion and establishing BLEU as the field’s standard
metric. Transformer-based systems that jointly op-
timize recognition and translation end-to-end fur-
ther improved performance (Camgöz et al., 2020).
Data augmentation via sign back-translation (Zhou
et al., 2021) and pretraining with multilingual mod-
els such as mBART (Liu et al., 2020) and T5 (Raf-
fel et al., 2020) have subsequently pushed transla-
tion quality on standard benchmarks. Continuous-
discourse resources such as How2Sign (Duarte
et al., 2021) for American Sign Language and the
TVB-HKSL-News corpus (Niu et al., 2024) for
Hong Kong Sign Language provide multi-sentence
content beyond isolated sentence pairs, but they
do not pair gloss streams with the per-gloss arrival
timestamps required to evaluate streaming policies
under realistic temporal conditions. All of these
systems, however, assume batch access to a com-
plete gloss sequence before producing any output,
rendering them unsuitable for the interactive scenar-
ios in which real-time translation is most urgently
needed.

2.2 Simultaneous Translation

Simultaneous (streaming) translation generates tar-
get tokens incrementally as source tokens arrive.
Ma et al. (Ma et al., 2019) proposed the Wait-k
policy, which delays output by a fixed k source
tokens and then alternates read and write steps; its
deterministic simplicity makes it a durable baseline
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despite the inability to adapt to content boundaries.
Arivazhagan et al. (Arivazhagan et al., 2019) intro-
duced Monotonic Infinite Lookback (MILk) atten-
tion, which replaces the hard lag with a learned,
monotonically constrained attention distribution;
Monotonic Multihead Attention (MMA) (Ma et al.,
2020) extended this mechanism to multi-head set-
tings with independent per-head step decisions, en-
abling end-to-end training of the read/write policy.
More recently, Koshkin et al. (Koshkin et al., 2024)
demonstrated that large language models can be
fine-tuned to emit a special <WAIT> token when
context is insufficient for translation, integrating
the policy decision into the model itself.

These approaches share a critical limitation
when applied to sign language: read/write de-
cisions are conditioned exclusively on linguistic
content, and the temporal dimension of the gloss
stream is discarded entirely. In continuous sign-
ing, inter-gloss intervals within a sentence (300–
650 ms) differ by an order of magnitude from the
pauses between sentences (2–7 s). To our knowl-
edge, no prior streaming translation policy explic-
itly models inter-gloss timing as a boundary sig-
nal, and applying existing policies to a continuous
discourse stream causes arbitrary cross-boundary
fragmentation rather than coherent sentence-by-
sentence translation.

3 Methodology

3.1 Problem Formulation

We formalize streaming sign language transla-
tion as a read/write decision problem over a time-
stamped token stream. Each incoming gloss is a
pair (gt, τt), where gt ∈ V is a discrete gloss to-
ken and τt ∈ R+ is the wall-clock arrival time in
seconds since stream onset. The system maintains
a gloss buffer Bt = {(g1, τ1), . . . , (gt, τt)} and at
each step issues either READ (wait for the next
gloss) or WRITE (flush Bt to the translation back-
end and reset). In the continuous-stream setting,
the input is a multi-sentence discourse group deliv-
ered as a single unbroken sequence with no oracle
boundary markers; a WRITE at a sentence bound-
ary yields a coherent translation segment, while a
premature or delayed WRITE produces a fragment
or cross-boundary concatenation that no transla-
tion model can recover from. The objective is to
maximize translation quality while maintaining dis-
course coherence across consecutive translations.

3.2 TLAS Architecture
The TLAS policy integrates two complementary
readiness signals through a learned decision gate.
A Temporal Pause Detector (TPD) monitors inter-
gloss arrival times and emits a high score during
inter-sentence pauses. A Linguistic Readiness Esti-
mator (LRE) scores the grammatical completeness
of the accumulated buffer using a neural head on a
frozen T5 encoder (Raffel et al., 2020). An Adap-
tive Fusion Gate (AFG) combines both scores to
issue READ or WRITE decisions. A proactive
timeout mechanism fires between glosses when
the current inter-gloss gap exceeds M times the
signer’s running average, producing clean sentence
boundaries before the first gloss of the next sen-
tence arrives. Figure 1 illustrates the complete data
flow.

3.2.1 Temporal Pause Detector (TPD):
Upon receiving gloss gt at time τt, the TPD com-
putes the interval ∆t = τt − τt−1 and updates an
exponential moving average:

µ̂t = α ·∆t + (1− α) · µ̂t−1 (1)

where α = 0.3 controls the adaptation rate. The
EMA is initialized at µ̂0 = 450 ms, set to the
midpoint of the within-sentence inter-gloss range
(300–650 ms), to suppress cold-start fluctuations
during the first few glosses. The pause score is a
linear ramp between normal pace and the pause
multiplier M = 2.5:

sTPD
t = clamp

(
∆t/µ̂t − 1

M − 1
, 0, 1

)
(2)

When ∆t = µ̂t (ratio 1.0), the score is 0; when
∆t ≥M · µ̂t, the score saturates at 1. Because the
score is defined relative to µ̂t rather than a fixed
threshold, the TPD adapts automatically to each
signer’s natural pace without recalibration.

3.2.2 Linguistic Readiness Estimator (LRE):
The LRE estimates the semantic completeness of
the accumulated gloss buffer using a lightweight
neural head on the T5 encoder. Given encoder
hidden states H ∈ RB×L×d, the head computes
an attention-masked mean pool h̄ ∈ Rd over non-
padding positions and maps it to a scalar readiness
score:

lt = σ
(
W2 ReLU(W1h̄+ b1) + b2

)
(3)

where W1 ∈ R256×768 and W2 ∈ R1×256, with
dropout 0.1 between layers (≈197K parameters).
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Figure 1: TLAS architecture. The LRE encodes accumulated glosses with a frozen T5 encoder and maps the pooled
representation to a completeness score lt; the TPD maps the inter-gloss interval ∆t to a pause score sTPD

t . The AFG combines
both signals and issues WRITE or READ (dashed red). A proactive timeout (dashed blue) issues WRITE directly when the
elapsed gap exceeds M · µ̂t.

The head is trained separately after T5 fine-tuning.
Oracle readiness labels are generated by translating
every gloss prefix G1:t with the frozen T5 model
and computing ROUGE-L (Lin, 2004) against the
reference:

r∗t = ROUGE-L(T5(G1:t), y
∗) (4)

Monotonicity is enforced by replacing each label
with the running maximum: r∗t ← max(r∗t , r

∗
t−1).

The head is then trained with MSE loss on these
oracle scores. For non-T5 backends, the LRE op-
erates as a standalone scorer: the fine-tuned T5 en-
coder and LRE head are loaded locally and shared
across all TLAS instances, incurring no per-gloss
API calls.

3.2.3 Adaptive Fusion Gate (AFG):
The AFG combines both signals through a
weighted sum:

s = wt · sTPD
t + wl · lt (5)

with wt = 0.4 and wl = 0.6, giving linguistic
completeness a slightly higher weight because it
directly predicts translation quality. The weights
wt and wl are empirically tuned hyperparameters.
The gate evaluates three ordered conditions and
issues WRITE on the first satisfied:

1. Safety valve: buffer length |Bt| ≥ Lmax = 6.
Prevents unbounded accumulation when both
signals are weak.

2. Joint threshold: s ≥ θ = 0.40. With wl =
0.6, this requires lt ≥ 0.67 in the absence of
any temporal signal, i.e., the LRE is confident
that the buffer forms a complete translatable
unit.

3. Strong pause override: sTPD
t ≥ 0.8 and

lt ≥ 0.3. Trusts an unambiguous signer pause
even when the LRE is not yet fully confident,
reflecting the high correlation between long
inter-sentence pauses and syntactic comple-
tion in ASL.

If none is satisfied, the AFG returns READ. We
note that the fusion weightswt andwl and the AFG
thresholds are tuned on a held-out validation set
rather than learned end-to-end (see Section 4.4);
treating the gate as a differentiable policy and opti-
mizing it directly under a quality–latency reward is
a natural direction for future work (Section 6).

3.2.4 Proactive Timeout:
The most discriminative boundary signal in con-
tinuous discourse arrives between glosses. The
proactive timeout operates outside the per-gloss
TPD→LRE→AFG pipeline: when the elapsed
time since the last gloss exceeds M · µ̂t and at least
one gloss is buffered, the system issues a WRITE
directly, before the next token arrives. Given typi-
cal within-sentence averages of µ̂t ≈ 450 ms and
M = 2.5, this timeout fires approximately 1.1 s
into an inter-sentence pause, cleanly separating
two sentences without waiting for the first gloss of
the following sentence to confound segmentation.
The proactive timeout is disabled for the TLAS-
linguistic ablation, which must operate purely on
linguistic content.

3.3 Ablations and Baselines

We evaluate three TLAS configurations to isolate
each component’s contribution:

• TLAS (full): wt=0.4, wl=0.6; both TPD and
LRE active; proactive timeout enabled.
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• TLAS-temporal: wt=1.0, wl=0.0; the LRE
returns a constant 0 but the AFG structure is
otherwise unchanged; proactive timeout en-
abled. Isolates the temporal signal.

• TLAS-linguistic: wt=0.0, wl=1.0; the TPD
EMA is updated normally but its score is
clamped to 0 before reaching the AFG; proac-
tive timeout disabled. Isolates the linguistic
signal.

All three configurations use identical AFG thresh-
olds, ensuring that performance differences re-
flect signal quality rather than threshold tuning.
We compare against four baselines: Batch (ora-
cle), which splits at ground-truth boundaries (upper
bound); Batch (non-oracle), which accumulates
every gloss in the discourse group and submits
them as a single concatenated string to the trans-
lator, producing one output for what may be five
or six sentences of content—because the single
output aligns only partially with the first reference
sentence and has no correspondence to later ones,
BLEU collapses at positions 1 and beyond, and
the gap between Batch (non-oracle) and Batch
(oracle) quantifies the full value of correct sen-
tence boundary detection; Wait-k (k=3) (Ma et al.,
2019), which alternates read/write with fixed lag;
and TransLLaMa (Koshkin et al., 2024), which
emits <WAIT> when context is insufficient. All
baseline policies are evaluated with a discourse
context window of zero prior translations, while
TLAS variants use a sliding window of three. This
asymmetric configuration reflects each policy’s nat-
ural operating regime rather than disadvantaging
the baselines: when a baseline fragments a dis-
course stream across sentence boundaries, its prior
outputs are cross-boundary fragments rather than
coherent sentence translations, so populating its
context buffer with such outputs would propagate
segmentation errors into subsequent prompts and
further degrade quality. Baselines therefore operate
under the more favorable zero-context setting. An
evaluation under matched zero-context conditions
for all policies, which would further isolate the seg-
mentation contribution from any residual benefit of
context, is left to future work.

3.4 Translation Backends
TLAS is backend-agnostic: the policy layer calls
translate(buffer, context) and receives a
text string, with no assumptions about the underly-
ing model. We evaluate three backends.

T5 (local, fine-tuned): We fine-tune T5-
base (Raffel et al., 2020) on a multi-source train-
ing mixture comprising 50K ASLG-PC12 gloss–
English pairs, SIGNUM German Sign Language
pairs for cross-domain vocabulary exposure, and
TransLLaMa-style streaming examples in which
early prefixes (first third of glosses) target the spe-
cial <WAIT> token and mid-prefixes (first half) tar-
get partial translations. Discourse context is in-
corporated by prepending a sliding window of the
three most recent prior translations as a prefix, sepa-
rated by a context delimiter. Training uses AdamW
with effective batch size 32, learning rate 5× 10−5,
warmup ratio 0.1, weight decay 0.01, label smooth-
ing 0.1, and FP16 mixed precision for 5 epochs on
a single GPU.

Gemini (cloud API): We use
gemini-3.1-flash-lite-preview via the
Google AI API. Each WRITE invocation sends a
structured prompt containing the discourse context
window and the buffered glosses; the model returns
a single-sentence translation. No fine-tuning is
applied.

Ollama (local API): We deploy gpt-oss:120b
through a local Ollama server, providing an on-
premise alternative that avoids data egress. The
same prompt format as Gemini is used. For both
non-T5 backends, the LRE standalone scorer loads
the fine-tuned T5 encoder locally and computes
readiness scores without invoking the external API.

4 Experimental Setup

In this section, we describe our experiments and
evaluation methodology. All hyperparameters,
training scripts, evaluation code, and the synthetic
discourse dataset are publicly available.1

4.1 Datasets

ASLG-PC12 (Othman and Jemni, 2012) is a par-
allel corpus of approximately 87,000 ASL gloss–
English pairs. We use a shuffled split of 50,000
training pairs, 10,000 validation pairs, and 10,000
test pairs (seed 42); sentence-level evaluation (E1)
draws 100 test examples with synthetic uniform
timestamps (450 ms per gloss).

Synthetic Discourse Dataset (contributed in
this work) comprises 1,400 multi-sentence dis-
course groups generated via Gemini LLM,
spanning monologue (≈40%), deaf-deaf dialog

1https://github.com/imics-lab/tlas-gloss2text

243

https://github.com/imics-lab/tlas-gloss2text


(≈30%), and deaf-hearing dialog (≈30%). Per-
gloss timestamps are calibrated to real ASL timing:
300–650 ms within sentences, 1.5–7 s between sen-
tences. The first 200 groups (888 deaf sentences)
constitute the test split; the remaining 1,200 groups
(≈5,234 context pairs) form the training split.

SIGNUM consists of 779 German Sign Lan-
guage sentence pairs from everyday conversational
topics; we include it during T5 fine-tuning for cross-
domain vocabulary exposure and reserve a held-out
subset for cross-dataset generalization evaluation.

4.2 Evaluation Paradigms
E1 (sentence-level) evaluates 100 ASLG-PC12
test sentences with synthetic uniform timestamps
(450 ms per gloss). Since all policies operate within
known sentence boundaries, the temporal signal
is neutralized and TLAS degenerates to max-lag
triggering. E1 isolates pure linguistic translation
quality but cannot assess boundary detection.

E2 (continuous-stream, primary experiment)
feeds 200 test discourse groups as unbroken gloss
streams using LLM-generated timestamps, with
no oracle sentence boundaries provided. Inter-
sentence pauses of 1.5–7 s give TLAS a strong
temporal signal via the proactive timeout, while
baselines fragment the stream arbitrarily. We re-
port corpus-level BLEU and break results down by
discourse position to measure quality drift within a
group.

4.3 Evaluation Metrics
We report four metrics: BLEU (Papineni et al.,
2002) (corpus-level n-gram precision, computed
with SacreBLEU); ROUGE-L (Lin, 2004) (longest
common subsequence recall); SBERT cosine sim-
ilarity (semantic similarity via Sentence-BERT,
robust to paraphrase); and chrF++ (character n-
gram F-score with word unigram recall, informa-
tive for morphologically varied output). For E2 we
additionally report retention rate (policy BLEU
divided by oracle BLEU) and position-stratified
BLEU (computed per discourse position to reveal
whether segmentation errors accumulate across a
group).

4.4 Hyperparameters
Table 1 summarizes all TLAS hyperparameters.
The TPD smoothing factor α and pause multiplier
M were set from the inter-gloss timing statistics of
the training data; the AFG weights and thresholds
were validated on 20 held-out discourse groups not

Table 1: TLAS hyperparameter settings.

Component Parameter Value

TPD
EMA smoothing α 0.3
Pause multiplier M 2.5
EMA prior µ̂0 450 ms

LRE Hidden dim 256
Dropout 0.1

AFG

wt (temporal weight) 0.4
wl (linguistic weight) 0.6
Joint threshold θ 0.40
Strong pause threshold 0.80
Min. readiness for pause 0.30
Max lag Lmax 6

Policy Discourse context window 3
Wait-k lag k 3

Table 2: E2 continuous-stream results, T5 backend (200
groups, 888 sentences). Ret. = BLEU / oracle BLEU. Best
streaming value in bold.

Policy BLEU ROUGE-L Ret.

Batch (oracle) ↑ 24.49 .593 —

Batch 1.74 .068 7.1%
Wait-k (k=3) 1.86 .286 7.6%
TransLLaMa 4.76 .385 19.4%

TLAS-linguistic 17.18 .474 70.1%
TLAS 21.51 .536 87.9%
TLAS-temporal 23.70 .564 96.8%

included in the test split. None of these values are
learned end-to-end; the gate is a tuned policy rather
than a trained one.

5 Results and Discussion

5.1 E2: Continuous-Stream Discourse
Evaluation

Table 2 presents T5 results on 200 discourse groups
(888 sentences). Two distinct performance tiers are
immediately apparent. The three TLAS variants
cluster between 17 and 24 BLEU (70–97% reten-
tion), while all baselines fall below 5 BLEU (under
20% retention). This separation holds across every
metric (BLEU, ROUGE-L, SBERT, and chrF++),
confirming that the gap is not an artifact of the
BLEU brevity penalty.

5.1.1 Cross-Backend Results:
Table 3 extends the comparison across all three
backends. TLAS-temporal and full TLAS consis-
tently achieve retention above 80%, while tradi-
tional baselines peak at 56.8%. The higher abso-
lute retention of the Gemini and Ollama baselines
relative to T5 is consistent with the larger LLMs
partially masking segmentation failures by com-
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Figure 2: Position-stratified BLEU across discourse
positions in E2 (T5 backend, 200 groups). TLAS vari-
ants track the oracle trajectory at all positions, while
baselines collapse by position 2 due to cross-boundary
fragmentation. The gap between tiers widens at later po-
sitions, confirming that segmentation errors accumulate
monotonically for policies lacking temporal boundary
detection.

pleting incoherent fragments into plausible-looking
text rather than reflecting genuinely better segmen-
tation; in either case, TLAS variants still lead every
traditional baseline by at least 24 percentage points
on every backend. Figure 2 confirms this: TLAS
variants track the oracle trajectory across all five
discourse positions, while Wait-k and Batch decline
monotonically to near-zero BLEU by position 3,
indicating cumulative segmentation failure rather
than translation model weakness.

5.1.2 Position-Stratified Analysis:
Table 4 reports BLEU stratified by sentence po-
sition within the discourse group (T5 backend).
This analysis reveals the mechanism underlying
the two-tier separation. Wait-k collapses from 4.68
BLEU at position 0 to 0.27 at position 4+; Batch
(non-oracle) reaches 0.00 by position 3. The three
TLAS variants maintain stable quality across all
positions, with TLAS-temporal staying within 5
BLEU points of the oracle at every depth. The root
cause is boundary detection, not translation capabil-
ity per se: baselines that fragment across sentence
boundaries submit incoherent gloss subsets to the
translator, producing outputs with near-zero over-
lap with any individual reference sentence.

5.1.3 Timestamp Robustness:
Table 5 reports BLEU under three timestamp con-
ditions for TLAS variants on E2 (T5 backend).
TLAS-linguistic varies by less than 0.1 BLEU
points across all three conditions, confirming zero
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Figure 3: Retention rates under sentence-level (E1)
vs. continuous-stream (E2) evaluation (T5 backend).
Wait-k and TransLLaMa collapse from E1 to E2
(43.1%→7.6% and 58.7%→19.4%, respectively), while
TLAS variants maintain or improve retention under dis-
course conditions, exposing a critical failure mode that
sentence-level evaluation conceals.

sensitivity to timestamp quality. TLAS-temporal
degrades by 57% from realistic to noisy timestamps
(23.70 → 10.07): Gaussian jitter of σ=500 ms
corrupts the EMA, causing premature or delayed
proactive timeouts. A crossing point occurs at uni-
form timestamps: TLAS-linguistic (17.09) over-
takes TLAS-temporal (15.61), because uniform
gaps suppress the temporal signal to exactly zero
while the LRE continues to operate normally. Full
TLAS degrades more gracefully than temporal-
only (11.53 vs. 10.07 under noise), since the lin-
guistic weight provides a stabilizing floor; however,
the remaining 46% decline from realistic to noisy
conditions confirms that the temporal component
remains the dominant vulnerability when times-
tamp quality is poor.

5.2 E1: Sentence-Level Results

Table 6 presents sentence-level results on 100
ASLG-PC12 test examples with synthetic uniform
timestamps (T5 backend). Because all policies
receive isolated sentences with no inter-sentence
pauses, the TPD emits near-zero scores through-
out and TLAS degenerates to max-lag (Lmax=6)
triggering. Under these conditions TLAS-temporal
(79.7% retention) and full TLAS (76.3%) lead all
streaming methods, demonstrating that the max-
lag safety valve provides adequate within-sentence
segmentation quality even when the temporal cue
is suppressed.
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Table 3: E2 results across all three backends. Ret. = BLEU / backend oracle BLEU.

T5 (oracle: 24.49) Gemini (oracle: 24.39) Ollama (oracle: 12.53)

Policy BLEU Ret. BLEU Ret. BLEU Ret.

Batch 1.74 7.1% 5.71 23.4% 1.90 15.2%
Wait-k 1.86 7.6% 11.49 47.1% 7.12 56.8%
TransLLaMa 4.76 19.4% 12.54 51.4% 5.64 45.0%

TLAS-linguistic 17.18 70.1% 15.79 64.7% 7.53 60.1%
TLAS 21.51 87.9% 21.46 88.0% 10.23 81.6%
TLAS-temporal 23.70 96.8% 22.13 90.7% 11.56 92.3%

Table 4: Position-stratified BLEU in E2 (T5 backend). Posi-
tion 0 = first sentence in group; 4+ = fifth or later.

Policy Pos 0 Pos 1 Pos 2 Pos 3 Pos 4+

Batch (oracle) ↑ 18.73 29.31 23.20 27.44 23.41

Batch 6.77 2.14 0.28 0.01 0.00
Wait-k 4.68 2.03 1.83 0.84 0.27
TransLLaMa 7.17 6.27 3.78 4.44 1.39

TLAS-linguistic 17.68 18.56 15.32 20.63 18.68
TLAS 19.57 21.35 19.20 25.53 20.20
TLAS-temporal 20.10 25.52 21.67 27.03 21.28

Table 5: Timestamp robustness: BLEU under three condi-
tions (T5, E2). Oracle: 24.49.

Policy Realistic Uniform Noisy

TLAS-temporal 23.70 15.61 10.07
TLAS 21.51 16.68 11.53
TLAS-linguistic 17.18 17.09 17.18

5.3 Discussion

The E2 results establish that correct sentence
boundary detection is the primary determinant of
translation quality in continuous discourse. TLAS-
temporal’s 96.8% retention demonstrates that the
temporal signal alone is sufficient for near-perfect
segmentation when timestamps are reliable; the
EMA µ̂t tracks within-sentence timing and cleanly
detects inter-sentence pauses via the proactive time-
out. The fusion design is not a simple average: the
strong-pause override ensures unambiguous tem-
poral boundaries are respected even when the LRE
is uncertain, while the joint threshold allows the
LRE to accelerate translation for linguistically com-
plete prefixes when temporal cues are weak. Fig-
ure 3 quantifies this paradigm gap: baselines lose
35–39 percentage points of retention moving from
E1 to E2, while TLAS-temporal gains 17 points
(79.7%→96.8%), demonstrating that continuous-
stream evaluation is essential for any policy in-
tended for real-world deployment.

The contrast between E1 and E2 underscores the
necessity of continuous-stream evaluation. Wait-

Table 6: E1 sentence-level results, T5 backend (n=100, syn-
thetic timestamps). Ret. = BLEU / oracle BLEU.

Policy BLEU ROUGE-L Ret.

Batch ↑ 73.84 .919 —

TLAS-temporal 58.88 .869 79.7%
TLAS 56.36 .867 76.3%
TLAS-linguistic 45.04 .824 61.0%
TransLLaMa 43.35 .821 58.7%
Wait-k (k=3) 31.84 .757 43.1%

k achieves 43.1% retention on E1 but only 7.6%
on E2; TransLLaMa achieves 58.7% on E1 but
only 19.4% on E2. These collapses do not ap-
pear in E1 because oracle boundaries are implicit
in the single-sentence structure, eliminating cross-
boundary fragmentation entirely. Prior streaming
translation benchmarks operate exclusively in E1-
like settings, which cannot detect this failure mode.
Under E2, TLAS-temporal’s retention advantage
over Wait-k grows from 36.6 percentage points (E1)
to 89.2 percentage points (E2), a three-fold amplifi-
cation that sentence-level evaluation conceals. Any
streaming policy intended for deployment in contin-
uous signing should be evaluated under an E2-like
paradigm; an E1-only evaluation cannot assess the
core challenge of real-time boundary detection.

The timestamp robustness experiments (Table 5)
carry direct deployment implications. In sys-
tems with reliable sub-100 ms timestamp precision
(purpose-built sign recognition pipelines), TLAS-
temporal maximizes quality. In systems with
known timing variance (video codecs, high-latency
GPU inference), TLAS-linguistic provides a robust
fallback. The full fusion is recommended as the
default when timestamp reliability is unknown or
variable, as it outperforms linguistic-only under re-
liable timing and outperforms temporal-only under
noise.

Several limitations bound the current study. First,
the discourse dataset is synthetically generated;
while per-gloss timestamps are validated against
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empirical signing rates, the conversation topics,
turn structures, and inter-sentence pauses may not
fully capture the rhythm of authentic Deaf commu-
nity interactions, which include hesitations, self-
corrections, and more variable pacing. Second, the
end-to-end system from raw video to text has not
been integrated, and recognition errors from an up-
stream vision module would compound with the
TPD and LRE in ways not measured here: gloss in-
sertions and deletions would corrupt the EMA, per-
turbing both the inter-gloss interval statistic and the
proactive timeout, while noisy gloss content would
degrade the LRE’s readiness estimates. Third, wall-
clock inference latency under real-time constraints,
where GPU memory bandwidth, tokenizer over-
head, and API round-trip times all compound, has
not been characterized; a full latency analysis is
necessary before deployment claims can be sub-
stantiated. Finally, the AFG fusion weights and
thresholds are tuned on a held-out validation set
rather than learned end-to-end, and an evaluation
under matched zero-context conditions for all poli-
cies, which would most cleanly isolate the seg-
mentation contribution from any residual context
benefit, is left for future work.

6 Conclusion

We presented TLAS, a streaming policy that fuses
temporal pause detection and learned linguistic
readiness as complementary signals for continuous
sign language segmentation and translation. On
the primary E2 evaluation (200 discourse groups,
888 sentences), TLAS-temporal achieves 96.8%
retention of oracle quality while Wait-k reaches
only 7.6%. Position-stratified BLEU confirms that
TLAS sustains near-uniform quality across all dis-
course positions, whereas baselines collapse by
position 2 due to cross-boundary fragmentation.
Timestamp robustness analysis shows the signals
are complementary: TLAS-temporal maximizes
performance under reliable timing while TLAS-
linguistic provides a stable 70.1% floor invariant
to timestamp noise. Future work will explore re-
placing the T5 decoder with a state-space model for
O(1) per-step inference and implicit cross-sentence
context propagation, and optimize the AFG weights
via reinforcement learning to replace the currently
tuned gate with a policy adapted directly to the
deployment environment.
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Abstract
Multimodal Large Language Models (MLLMs)
have achieved remarkable success in seman-
tic visual reasoning, yet their capacity for fine-
grained, low-level perception remains critically
under-evaluated. This perceptual fragility lim-
its their reliability in noisy, real-world environ-
ments where visual signals are degraded. Fur-
thermore, existing benchmarks often entangle
visual perception with language priors, mask-
ing these underlying deficits. To address this,
we introduce the FAint numeric Detection
Evaluation (FADE) dataset, a novel evalua-
tion suite designed to probe the limits of zero-
shot Optical Character Recognition (OCR) in
frontier MLLMs. By embedding synthetic,
strictly numerical sequences over cluttered nat-
ural backgrounds at varying levels of trans-
parency (α), FADE explicitly disentangles pure
visual perception from semantic predictability.
We evaluate state-of-the-art models including
Gemini 3.0, Claude 4.5 Sonnet, and Gemma 3
against a specialized UNet segmentation base-
line. Our results reveal a striking limitation in
frontier architectures: while they achieve near-
perfect transcription at high visibility, their per-
formance collapses under high transparency.
Conversely, the UNet pipeline maintains robust
spatial grounding, significantly outperforming
generalist models at the lowest visibility thresh-
olds. FADE provides a reproducible dataset to
expose and diagnose the perceptual breakage
points of modern multimodal systems.

Dataset: FADE on Hugging Face

1 Introduction

The trajectory of Vision-Language Models (VLMs)
and Multimodal Large Language Models (MLLMs)
has been marked by extraordinary advancements,
fundamentally bridging the gap between visual
perception and natural language understanding
(Achiam et al., 2023; Team et al., 2023). Trained
on vast web-scale image-text datasets, frontier ar-
chitectures such as GPT-4, Gemini, and Claude

have achieved unprecedented success in high-level
semantic tasks, including visual question answer-
ing (VQA), complex scene interpretation, and nu-
anced image captioning (Liu et al., 2023; Li et al.,
2023). Consequently, these models are increasingly
deployed in real-world, open-ended environments
where they are expected to act as general-purpose
visual agents.

Current MLLMs often rely heavily on powerful
language priors and global semantic context, rather
than robust, low-level visual processing (Tong et al.,
2024; Villa et al., 2025). While they excel at
identifying prominent objects or reasoning about a
scene’s overall narrative, their performance deteri-
orates sharply when confronted with fine-grained
perceptual tasks that lack semantic anchors. One of
the most demanding tests of this capability is Op-
tical Character Recognition (OCR) in the wild. In
real-world scenarios, text is frequently obscured by
poor lighting, complex background textures, or par-
tial transparency—conditions where context alone
cannot recover the missing characters (Zhu et al.,
2024).

The inability of VLMs to reliably perform robust
text-in-image extraction carries profound security
and safety implications for digital platforms. As au-
tomated content moderation systems increasingly
rely on multimodal models to enforce community
guidelines, malicious actors have adapted by em-
bedding harmful content such as hate speech, scam
URLs, phone-numbers or illicit narratives directly
into images and memes (Wang et al., 2025, 2024).
Because standard text-only filters cannot parse im-
age pixels, a VLM’s OCR along with the MLLM
reasoning capability serves as the primary line of
defense. When VLMs fail to detect visually per-
turbed, highly transparent, or cluttered text, bad
actors can successfully execute visual prompt injec-
tions and moderation evasion tactics. Consequently,
poor OCR performance directly translates to a de-
graded safety posture, allowing harmful content to
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propagate across digital ecosystems unchecked.

Despite these high-stakes implications, existing
evaluation paradigms have largely failed to iso-
late and quantify this specific perceptual fragility.
Traditional OCR benchmarks predominantly fea-
ture high-contrast, opaque text, or rely on semantic
contexts (like street signs or document headers)
that allow language models to seamlessly "guess"
obscured words (Singh et al., 2021). Conversely,
modern VLM benchmarks tend to entangle visual
perception with complex logical reasoning, mak-
ing it difficult to determine whether a model failed
because it could not reason, or simply because it
could not see the underlying visual signal (Villa
et al., 2025; Tong et al., 2024). There is a need
for a controlled, objective benchmark that tests the
exact breakage thresholds of multimodal percep-
tion without the confounding variable of semantic
predictability.

To address this critical gap, we introduce the
FAint numeric Detection Evaluation, a novel
evaluation suite explicitly designed to stress-test
the limits of fine-grained visual grounding and zero-
shot OCR in frontier VLMs. Our dataset embeds
synthetic, strictly numerical sequences, ensuring
no linguistic context can aid prediction over highly
cluttered, diverse backgrounds sampled from the
COCO dataset. Crucially, we isolate visual degra-
dation as a single independent variable by system-
atically modulating the transparency (α) of the wa-
termark across a gradient of visibility, ranging from
highly visible (α = 0.8) to near-imperceptible
(α = 0.2).

By benchmarking state-of-the-art models-
including Gemini 3.0, Claude 4.5 Sonnet, and
Gemma 3 against a specialized UNet segmentation
baseline, we reveal a striking deficit in frontier
architectures. While VLMs achieve near-perfect
transcription at high visibility, their zero-shot
capabilities collapse under high transparency and
background clutter. In contrast, our dedicated
segmentation pipeline maintains robust spatial
grounding, significantly outperforming the gen-
eralist models at the lowest visibility thresholds.
Through this work, we provide the community
with a reproducible framework to diagnose and
rectify the low-level perceptual shortcomings of
modern multimodal systems.

2 Related Work

2.1 Multimodal Large Language Models

With the remarkable advancements of Large Lan-
guage Models (LLMs), recent research has ex-
tended their capabilities to multimodal domains by
integrating visual information, giving rise to Multi-
modal Large Language Models (MLLMs) (Achiam
et al., 2023; Team et al., 2023; Li et al., 2023;
Liu et al., 2023). These models typically align vi-
sual features from pre-trained image encoders with
LLMs via modality adaptation layers (Dosovitskiy
et al., 2020). Early works like BLIP-2 (Li et al.,
2023) pioneered this architecture by pre-training on
image-text datasets and fine-tuning on task-specific
benchmarks, while subsequent models like LLaVA
(Liu et al., 2023) advanced this approach by lever-
aging synthetic instruction-following data. Fron-
tier models exhibit strong performance in com-
plex scene interpretation (Zhou et al., 2023). Yet,
because these architectures leverage joint vision-
language spaces, evaluating whether their success
arises from robust spatial perception or powerful
language priors remains an ongoing methodologi-
cal challenge. This reliance on semantic priors can
overshadow a critical need to scrutinize their funda-
mental, low-level perception and spatial grounding
skills.

2.2 Evaluating Fine-Grained Perception

While MLLMs excel at global image understand-
ing, they often struggle with fine-grained tasks re-
quiring precise recognition, localization, and data
extraction (Li et al., 2024; Zhou et al., 2025). Exist-
ing benchmarks designed to probe these limitations
face primary methodological challenges. In many
traditional perception benchmarks, visual assess-
ment is often entangled with reasoning; questions
focusing on semantic concepts allow models to
rely on language priors rather than pure visual in-
put. Furthermore, to improve evaluation reliabil-
ity, many benchmarks (such as MME (Fu et al.,
2023) and SEED-Bench (Li et al., 2024)) adopted
multiple-choice formats drawn from existing Vi-
sual Question Answering (VQA) datasets, which
raises concerns about data contamination and true
zero-shot evaluation.

Other benchmarks have focused on specific spa-
tial reasoning deficits, such as object counting
in dense scenes (Amini-Naieni and Zisserman,
2025) or chart comprehension (Masry et al., 2022;
Methani et al., 2020). While these datasets have

250



driven progress in visual data extraction, they
largely feature high-contrast, clearly delineated tar-
gets.

2.3 Visual Noise and Character Recognition

The capacity of MLLMs to comprehend abstract or
low-signal visual data, such as reading text overlaid
on complex backgrounds remains a critical frontier.
While traditional Optical Character Recognition
(OCR) (Wang et al., 2023) systems are highly spe-
cialized, frontier MLLMs are increasingly expected
to perform zero-shot text extraction in the wild.
Our Watermark Benchmark Dataset departs from
existing evaluation methodologies by explicitly dis-
entangling perception from semantics. By utiliz-
ing numerical watermarks with modulated trans-
parency (α) across cluttered COCO backgrounds,
we remove any possible semantic cues; the model
must perceive the underlying patterns directly. This
provides a reproducible benchmark to identify the
exact breakage thresholds of multimodal percep-
tion, testing how deeply frontier models can ground
themselves spatially to extract low-signal numeric
data.

3 The Watermark Benchmark Dataset

A key contribution of this work is the curation and
release of a specialized evaluation dataset designed
to probe the limits of fine-grained visual reason-
ing and Optical Character Recognition (OCR) in
frontier Vision-Language Models (VLMs). While
standard benchmarks focus on high-contrast, leg-
ible text, this dataset introduces controlled trans-
parency to identify the exact breakage thresholds
of multimodal perception.

3.1 Composition and Diverse Backgrounds

To ensure the dataset reflects the complexity of
natural scenes, background images were sampled
from the COCO (Common Objects in Context) (Lin
et al., 2014) dataset. These images encompass
a diverse variety of textures, lighting conditions,
and cluttered environments. Synthetic watermarks
comprising random numerical digit sequences were
overlaid onto these backgrounds. The digits are
colored white, isolating transparency (opacity) as
the single independent variable, neutralizing color-
contrast bias.

3.2 Fine-Grained Transparency Modulation
(α)

The primary feature of this dataset is its system-
atic modulation of the alpha blending parameter
(α). This design allows researchers to evaluate
how models transition from confident recognition
to perceptual failure as a visual signal degrades.

We generate four distinct subsets across a gradi-
ent of visibility (See Fig. 1)

• High Visibility (α = 0.8): Serves as the con-
trol baseline to establish upper-bound model
performance.

• Medium Visibility (α = 0.5): Mirrors stan-
dard, visible watermarking standards.

• Subtle Visibility (α = 0.3): Designed to test
the boundary of standard feature extraction.

• Low Visibility (α = 0.2): Pushes the bound-
aries of native multimodal zero-shot capabili-
ties.

By structuring the dataset around these transpar-
ent text, we provide a reproducible benchmark for
evaluating how deeply frontier models can ground
themselves spatially to extract low-signal text.

3.3 Dataset Composition and Structural
Properties

To ensure the dataset (Fig. 1) is robust and statisti-
cally sound, we standardized the structural proper-
ties of the generated images and text overlays.

• Scale and Splitting: The dataset contains
2, 600 images designated for training the seg-
mentation baselines. For evaluation, a sep-
arate test bank of 1, 000 images was evalu-
ated independently across each of the four
transparency levels (α ∈ {0.2, 0.3, 0.5, 0.8})
where lower α corresponds to more transpar-
ent, totaling 4, 000 test inferences per model.

• Resolution: All images are standardized to a
resolution of 480× 640 pixels in RGB format.

• Watermark Characteristics: The watermark
vocabulary is strictly numerical, consisting
of digits 0–9. To maintain uniformity and
control for length-based bias, each watermark
contains exactly nine digits. As seen in Fig.
2, digits are uniformly distributed for all the
different α.
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Figure 1: Visual examples of watermarked images with varying opacity levels.

Figure 2: Distribution of digits in the dataset

• Spatial Grounding: To isolate the visual
degradation caused by transparency from the
difficulties of edge-of-frame detection (Chen
et al., 2025), all digits are statically positioned
at the center of the image.

The richness of the benchmark stems from the
background imagery. Sourced from the COCO
dataset, these backgrounds capture complex, every-
day scenes where diverse objects are depicted in
their natural context. The models are therefore sub-
jected to realistic challenges such as background
occlusion, varying object scales, cluttered visual
gradients, and intricate spatial relationships.

4 Setup

4.1 Baseline: UNet Architecture and Training

To perform watermarking mask generation, we em-
ployed a UNet (Ronneberger et al., 2015) archi-
tecture characterized by its symmetrical encoder-
decoder structure and skip connections (See 2).
This design ensures that high-resolution spatial fea-
tures from the contracting path are preserved and
combined with the upsampled output to produce
precise segmentation masks, predicting the water-
marked text in our case.

• Inference Pipeline: During the inference
stage, the trained UNet model processes the

input image to generate a predicted binary
mask. This mask serves as a spatial filter to
isolate potential watermark regions. The seg-
mented regions defined by the mask are then
passed to an Optical Character Recognition
(OCR) engine, which performs the final text
prediction and extraction.

• Data Representation: The model was trained
using pairs of source images and their corre-
sponding binary watermarking masks. An
example of this training input is illustrated in
Figure 3.

• Model Configuration: The encoder follows
a progressive series of filter depths (16, 32,
64, and 128), leading to a central bottleneck
bridge of 256 channels. Each block in the
network consists of two 3× 3 convolutional
layers followed by Batch Normalization and
ReLU activation.

• Training Parameters: The model was opti-
mized using the Adam algorithm with a learn-
ing rate of 0.001 and a momentum of 0.9.
Training was conducted with a batch size of
32 on images resized to 480× 640 pixels.

4.2 Vision Language Models Evaluation Setup
To assess the native text extraction and visual rea-
soning capabilities of frontier Vision-Language
Models (VLMs), we conducted a series of direct
image-to-text experiments. Each model is provided
with the source image and a zero-shot prompt (See
Fig. 4) instructing it to identify and extract the
subtly embedded numbers within the image.

We evaluated the benchmark against a diverse
range of state-of-the-art multimodal architectures:

• Gemini 3.0 Pro and Flash: Google’s latest
frontier models, designed for high-fidelity vi-
sual reasoning and multimodal data extrac-
tion.
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Figure 3: Image and corresponding mask used to train UNet network

Zero-Shot Prompt

You are an OCR.
Extract the 9-digit number subtly embedded
in the foreground of the image.
Return the numbers between the tag
<number> and </number>.
If you are not able to find any number return
<number>None</number>.

Figure 4: The exact zero-shot instruction prompt pro-
vided to all Vision-Language Models during evaluation.

• Gemma 3 27B: A high-capacity open-
weights model (Team et al., 2025) utilized
to evaluate the performance of multimodal un-
derstanding in a resource-efficient framework.

• Claude 4.5 Sonnet: Anthropic’s advanced
multimodal model, included to provide a com-
parative baseline for cross-architecture robust-
ness in transcribing text from complex visual
contexts.

4.3 Evaluation Metrics

To rigorously assess the performance of both the
segmentation and the subsequent text extraction
by various Vision-Language Models (VLMs), we
employed two primary metrics. These metrics eval-
uate the model’s ability to correctly identify and
transcribe the numeric sequences embedded within
the images.

• Exact Match (EM): This is a strict metric
that requires the predicted string to be iden-
tical to the ground-truth string. A score of 1
is assigned if the strings match perfectly (ig-
noring case), and 0 otherwise. This metric is

particularly useful for assessing the reliability
of the system in high-precision scenarios.

• Character Error Rate (CER): The CER pro-
vides a more granular view of the OCR perfor-
mance by calculating the Levenshtein distance
(the number of insertions, deletions, and sub-
stitutions required) between the predicted text
and the ground truth, normalized by the length
of the ground truth (Neudecker et al., 2021).

During evaluation, these metrics were tracked
across varying levels of transparency (α) to deter-
mine the breakdown point for each model’s visual
reasoning capabilities.

5 Results

We evaluate our proposed UNet+OCR pipeline
against four state-of-the-art Vision-Language Mod-
els (VLMs) across standard and cropped image
settings. The primary metrics tracked are Ex-
act Match Accuracy (Acc.) and Character Error
Rate (CER) over a transparency gradient (α ∈
{0.2, 0.3, 0.5, 0.8}). The results are summarized
in Table 1.

5.1 Overall Watermark Extraction Accuracy

As transparency increases (lower α), we observe
a non-linear decay in accuracy across all tested
models. At the control baseline of α = 0.8, the
Gemini family of models achieves near-perfect per-
formance, with Gemini Flash 3.0 topping zero-shot
accuracy at 0.955. However, performance deterio-
rates rapidly as α scales down to 0.2.

Our proposed UNet (Ours) segmentation
pipeline significantly outperforms all zero-shot
frontier models under standard image settings. At
the most difficult visibility threshold (α = 0.2 and
α = 0.3), UNet maintains an accuracy which is
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Table 1: Comparison of Accuracy and CER across models at varying transparency levels (α).

Sonnet 4.5 Flash 3.0 Pro 3.0 Gemma 3 UNet (Ours)

Image α Acc. CER Acc. CER Acc. CER Acc. CER Acc. CER

Standard 0.2 0.040 0.732 0.233 0.324 0.229 0.326 0.062 0.648 0.478 0.210
0.3 0.104 0.546 0.446 0.165 0.441 0.173 0.141 0.480 0.792 0.053
0.5 0.329 0.261 0.776 0.046 0.765 0.049 0.385 0.215 0.834 0.043
0.8 0.672 0.075 0.955 0.009 0.952 0.009 0.768 0.050 0.948 0.014

Cropped 0.2 0.030 0.771 0.289 0.294 0.284 0.291 0.062 0.647 — —
0.3 0.088 0.581 0.480 0.149 0.493 0.144 0.140 0.479 — —
0.5 0.315 0.282 0.797 0.040 0.813 0.036 0.387 0.214 — —
0.8 0.628 0.095 0.951 0.010 0.947 0.010 0.766 0.050 — —

Figure 5: Accuracy detection at different alpha

double that of best performing VLM models. This
validates our hypothesis that global attention mech-
anisms of current general-purpose VLMs fails to
detect details when the visual signals are sparse.

5.2 Character-Level Performance and Error
Rate

While accuracy measures perfect string matches,
the Character Error Rate (CER) (Fig. 6 gives a
more granular view of localized failures. We ob-
serve that models often perceive the presence of a
watermark but struggle to transcribe all nine digits
without substitutions or deletions.

Gemma 3 27B suffers the highest degradation
in character fidelity, yielding a CER of 0.648 at
α = 0.2 on standard imagery. In contrast, the
UNet pipeline holds a low CER of 0.210 under
identical conditions. The tracking of (1 − CER)

Figure 6: Mean Character Accuracy as a function of Wa-
termark Strength (Alpha). Higher Alpha values indicate
more visible watermarks, leading to significantly higher
extraction accuracy across all tested vision-language
models.
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as a proxy for character-level accuracy reveals that
while zero-shot models fragment on long numer-
ical strings, segmentation-coupled OCR reliably
preserves token-by-token alignment even against
high-clutter COCO backgrounds.

5.3 Impact of Image Cropping on Detection
Success

To improve the attention signals which are driv-
ing force of Vision transformer, we cropped the
image which only captures the region containing
the numeric text (see B). Comparing the Standard
and Cropped partitions in Table 1 reveals a dis-
tinct architectural behavioral shift. Isolating the
watermark via localized bounding box improves
the zero-shot extraction.

For instance, Gemini Flash 3.0 jumps from 0.233
Accuracy at α = 0.2 on standard imagery to 0.289
when restricted to cropped dimensions. The im-
provements are also observed at α = 0.3&0.5. No
strong improvements were observed for images
with α = 0.8, which is primarily due to the fact
that text is already very clear and visible.

5.4 Digit-Specific Confusion Analysis

To understand the precise failure modes of frontier
VLMs, we analyze the confusion matrix of predic-
tion mistakes for Gemini 3 Pro at α = 0.3 (Fig.
7). To ensure a direct character-to-character com-
parison, this analysis is restricted to watermarked
images where the predicted string length matches
the ground truth exactly.

The visual data reveals several structural insights
into model perception under high transparency:

• High-Frequency Morphological Confusion:
The most significant error mode involves true
digit 9 being misidentified as 0 (52 instances)
and true digit 3 being misidentified as 8 (51 in-
stances). These high-frequency errors suggest
that subtle closures in curved digits are easily
obscured by background textures, leading the
model to hallucinate complete ellipsoids or
connected loops.

• Vertical and Diagonal Feature Loss: There
is a notable density of errors involving the
misidentification of true digit 8 as 3 (45 in-
stances) and true digit 6 as 0 (39 instances).
Furthermore, true digit 3 is frequently con-
fused with 2 (40 instances) or 5 (38 instances),
highlighting a difficulty in resolving the spe-

Figure 7: Confusion matrix (Mistakes Only) for Gemini
3 Pro at α = 0.3, filtered for equal-length predictions.
Rows represent the true digits, while columns represent
the predicted digits.

cific orientation of horizontal and diagonal
strokes when α is low.

• Structural Simplification and Reconstructive
Bias: The model exhibits a tendency to hal-
lucinate non-existent strokes when resolving
faint visual signals, frequently misidentifying
1 as 4 (27 instances) and 0 as 9 (34 instances).
Rather than failing gracefully by outputting a
blank or a partial stroke, the model forces a
completion of the character. This suggests a
perceptual collapse driven by dataset priors,
where the model relies on top-down linguis-
tic and structural biases to fill in the blanks
of ambiguous visual inputs, resulting in false
positives for structurally similar digits.

6 Conclusion

In this work, we introduced the FAint numeric
Detection Evaluation (FADE) benchmark to rig-
orously evaluate the fine-grained visual percep-
tion of frontier Multimodal Large Language Mod-
els (MLLMs). By systematically modulating the
transparency (α) of numerical sequences against
cluttered natural backgrounds, FADE provides
a unique framework to disentangle pure visual
grounding from semantic and linguistic predictabil-
ity.

Our comprehensive evaluation of state-of-the-art
models—including Gemini 3.0, Claude 4.5 Son-
net, and Gemma 3—reveals a significant percep-

255



tual gap in general-purpose architectures. While
these models demonstrate high proficiency in high-
visibility contexts, their performance decays non-
linearly as transparency increases, often collapsing
at α ≤ 0.3.

A critical finding of our error analysis is the pres-
ence of reconstructive bias: when faced with low-
signal visual inputs, MLLMs tend to hallucinate
non-existent strokes to complete digits likely based
on dataset priors rather than failing gracefully. Fur-
thermore, our experiments with image cropping
demonstrate that reducing the spatial search space
provides only modest improvements, suggesting
that the bottleneck lies in the visual encoder’s in-
ability to register sparse signals rather than a failure
of global attention.

As MLLMs are increasingly integrated into
safety-critical domains such as content moderation
and autonomous agents, addressing these low-level
perceptual blind spots is important. We hope that
FADE serves as a standard diagnostic tool for the
community to facilitate the development of more
resilient, spatially aware visual encoders capable
of genuine fine-grained visual reasoning.

7 Future Directions

7.1 Analysis of Visual Token Perturbation

A critical next step is investigating the representa-
tional shift within the latent space. Future work
should quantify how drastically the output embed-
dings of the Vision Transformer (ViT) (Dosovitskiy
et al., 2020) differ between pristine backgrounds
and their watermarked counterparts. Understand-
ing the magnitude and nature of this token-level
perturbation, particularly at low transparency (α)
thresholds, will help isolate whether the primary
failure mode is the visual encoder failing to register
the weak signal or the language model failing to
interpret it.

7.2 Task-Aware Visual Encoding

Current VLM architectures typically utilize a ViT
to encode images into a static sequence of tokens,
which are subsequently processed by the language
model. While this query-agnostic approach is ef-
ficient, the generated visual tokens remain iden-
tical regardless of the user’s prompt. This limits
the encoder’s ability to dynamically focus on task-
relevant, low-contrast features. Recent research
into task-aware or query-conditioned visual en-
coders (Ganz et al., 2024) presents a promising

alternative. Applying such dynamic architectures
to this benchmark would allow the visual encoder
to actively search for and amplify fine-grained, α-
transparent signals based on the specific extraction
prompt, potentially bridging the perceptual gap ob-
served in our zero-shot evaluations.

Limitations

While the FADE dataset provides a rigorous frame-
work for evaluating visual perception, it currently
has scope constraints. First, the watermark vocabu-
lary is restricted to numerical digits. Incorporating
full alphanumeric characters and symbols would
provide a broader range of morphological complex-
ities. Second, all text is statically positioned at the
center of the image to isolate the variable of trans-
parency. Shifting the spatial distribution of text
such as placing watermarks near margins would de-
termine how VLMs handle positional embeddings
and edge-of-frame detection challenges.

Generative AI Usage

All study design, literature review, synthesis, and
writing were conducted by the authors. Genera-
tive AI tools (Gemini) were used only for grammar
checking and proofreading during the final polish-
ing of the manuscript. No generative AI system
was used to generate content, interpret prior work,
or draw conclusions. The authors reviewed and
approved all final text and remain fully responsible
for the content of the paper.
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A UNet configurations

A.1 Detailed Network Architecture
The specific layer-by-layer configuration of the UNet model is detailed in Table 2. The final output layer
utilizes a 1× 1 convolution with a Sigmoid activation function to generate a probability map for the binary
mask.

Parameter Value
Encoder Filter Sequence 16, 32, 64, 128
Bottleneck Bridge Channels 256
Decoder Filter Sequence 128, 64, 32, 16
Convolutional Kernel Size 3× 3
Hidden Layer Activation ReLU
Output Layer Activation Sigmoid
Dropout Probability 0.1
Optimizer Adam
Learning Rate 0.001

Table 2: Summary of UNet hyperparameters and architectural constants.

A.2 Data Augmentation Strategy
To increase dataset diversity and model generalization, the following stochastic augmentations were
applied during the training phase:

• Spatial Transformations: Random horizontal and vertical flipping (p=0.5) and random rotations
within a range of ±15 degrees.

• Scaling: Random zooming with a scale factor between 0.8 and 1.2.

• Intensity Adjustments: Random contrast scaling applied between 0.5 and 1.5 to account for varying
lighting conditions in the source images.

B Cropping algorithm

For each instance, we utilized the ground-truth binary mask to delineate the superimposed numerical text.
We calculated a bounding box from the mask’s top-left and bottom-right coordinates, applied a uniform
15-pixel padding to these boundaries, and used the resulting expanded region to crop the image.
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Abstract

Visual Question Answering (VQA) models
process all image patches uniformly despite
questions typically requiring only a small sub-
set of visual information. This inefficiency
leads to unnecessary computation and can re-
sult in attention dilution across irrelevant im-
age regions. We propose Question-Guided
Sparse Attention (QGSA), a plug-and-play
mechanism that dynamically selects relevant
image patches conditioned on question seman-
tics. Our approach introduces three compo-
nents: (1) a differentiable patch selector based
on Gumbel-Softmax reparameterisation that
enables end-to-end training with hard patch
selection at inference; (2) a self-supervised
grounding loss that encourages spatial selec-
tivity without bounding-box annotations, com-
bining contrastive patch selection with patch–
word alignment via a frozen CLIP encoder;
and (3) an adaptive sparsity mechanism that
adjusts the number of selected patches accord-
ing to estimated question complexity. Ex-
periments on SmolVLM-256M-Instruct and
SmolVLM-500M-Instruct across three VQA
benchmarks (VQA-RAD, A-OKVQA, Ref-
COCO) demonstrate that QGSA reduces cross-
attention FLOPs by 91–99% across input
resolutions, achieving up to 76× theoretical
speedup at 576px resolution, while maintain-
ing exact accuracy parity with the dense base-
line (∆ = 0.0 pp on all datasets). Wall-clock
parity with the dense baseline is reached at
336px; realised end-to-end speedup requires
larger models where cross-attention dominates
total compute. QGSA consistently selects an
average of k ≈ 17 patches out of 576 (256M
model), up to k ≈ 18 (500M model), yield-
ing up to a 34× reduction in the visual token
sequence. These small-scale results validate
the feasibility of question-conditioned sparse
attention and provide a foundation for scaling
to larger VLMs.

1 Introduction

Visual Question Answering (VQA) lies at the in-
tersection of natural language understanding and
visual perception: a model must ground a linguis-
tic query in image content and produce a faith-
ful, concise answer. The remarkable performance
of modern vision–language models (VLMs) such
as BLIP-2 (Li et al., 2023a), InstructBLIP (Dai
et al., 2023), and LLaVA-1.5 (Liu et al., 2023) is
achieved by encoding high-resolution images into
dense grids of patch tokens and processing them
through transformer cross-attention layers. While
this design yields strong benchmark numbers, it
embeds a fundamental inefficiency: every question
is answered by attending to every patch, regardless
of relevance.

Two concrete problems follow from this. The
first is computational inefficiency. A standard
384×384 image produces N = 576 patch tokens
after ViT encoding (Dosovitskiy et al., 2021). For
the question “What colour is the car?” perhaps
8–12 patches are relevant, yet all 576 enter every
cross-attention layer. This overhead scales quadrat-
ically with resolution and becomes prohibitive for
high-resolution inputs, multi-frame video, or tasks
that reason over several images simultaneously.
The second problem is attention dilution. With
hundreds of tokens competing for attention weight,
the cross-attention distribution spreads across ir-
relevant background regions. Empirical studies of
VLM hallucination (Rohrbach et al., 2019; Li et al.,
2023b) consistently show that erroneous answers
correlate with models attending to distractors rather
than the objects named in the question.

Prior work on attention in VQA (Yu et al., 2019;
Kim et al., 2018) employs soft, continuous atten-
tion weights, which reshape information routing
but never eliminate the quadratic cost of attending
to all patches. Token pruning methods for vision
transformers (Rao et al., 2021; Xu et al., 2021) and
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token merging (Bolya et al., 2023) reduce sequence
length, yet they are driven by image-internal statis-
tics and carry no awareness of the question being
asked. Architectures such as Q-Former (Li et al.,
2023a) and Perceiver (Jaegle et al., 2021) compress
visual tokens via learned query banks, but these
queries are fixed across all questions and do not
perform hard, discrete selection.

Our proposal is Question-Guided Sparse At-
tention (QGSA), a lightweight module inserted be-
tween the vision encoder and the language model.
QGSA scores every patch against the current ques-
tion, selects the top-k most relevant patches us-
ing a Gumbel-Softmax reparameterisation (Jang
et al., 2017), and forwards only those patches to
the downstream transformer. The budget k is it-
self predicted from the question, so semantically
simple queries receive fewer patches than composi-
tional spatial-reasoning queries. Crucially, QGSA
requires no bounding-box supervision: our self-
supervised grounding loss leverages contrastive
comparison between selected and random patches
together with noun-level alignment via a frozen
CLIP text encoder, coaxing the selector toward
semantically meaningful regions without any local-
isation annotation.
Our contributions are:

• A differentiable patch selector using Gumbel-
Softmax with the straight-through estimator, en-
abling gradient-based training of a hard selec-
tion function.

• A self-supervised grounding loss compris-
ing a contrastive selection term (Lcs) and a
patch–word alignment term (Lalign) that encour-
age spatially selective behaviour without any
bounding-box annotation.

• An adaptive sparsity mechanism (fcomp) pre-
dicting a per-question patch budget—intended
to allocate more tokens to hard spatial queries
and fewer to simple factual ones, though in prac-
tice this differentiation remains a challenge on
small datasets (Section 4.7).

• Experiments on SmolVLM-256M-Instruct and
SmolVLM-500M-Instruct across VQA-RAD,
A-OKVQA, and RefCOCO, demonstrating 91–
99% cross-attention FLOPs reduction at zero
accuracy cost, a 31× relative grounding IoU
improvement, and wall-clock parity with the
dense baseline at ≥336px.

2 Related Work

2.1 Visual Question Answering

Early VQA systems fused question and image rep-
resentations via element-wise operations or simple
attention (Agrawal et al., 2016). Co-attention mech-
anisms, exemplified by MCAN (Yu et al., 2019)
and the bilinear attention network BAN (Kim et al.,
2018), enabled richer cross-modal interaction and
pushed accuracy significantly, yet the fundamental
cost structure remained unchanged: computation
still scales with the full patch count. Large-scale
vision–language pretraining (Li et al., 2023a; Dai
et al., 2023; Liu et al., 2023; Alayrac et al., 2022)
has since dramatically raised accuracy on standard
benchmarks, but has also inflated the visual token
count to the point where inference latency is in-
creasingly problematic in deployment settings. The
gap between what a model attends to and what a
question actually requires has only widened.

2.2 Sparse and Efficient Attention

The sparse transformer (Child et al., 2019) showed
that restricting self-attention to local or strided
neighbourhoods could recover most of the perfor-
mance of full attention at a fraction of the O(N2)
cost. Vision transformers have taken analogous ap-
proaches: DynamicViT (Rao et al., 2021) learns to
progressively prune tokens during the forward pass;
EvoViT (Xu et al., 2021) maintains a slow-updating
budget of important tokens; Token Merging (Bolya
et al., 2023) avoids pruning entirely by fusing sim-
ilar tokens via bipartite matching, which is often
faster in practice than learned selection. The shared
limitation of all these methods is that token impor-
tance is determined by the image alone. In a VQA
setting this is a fundamental problem: the patches
relevant to “What is the man holding?” and “What
colour is the wall?” are completely disjoint on the
same image, yet image-only pruning makes no such
distinction. To our knowledge, QGSA is the first
method to perform hard, question-conditioned to-
ken selection within a pretrained VLM rather than
as a preprocessing step external to it.

2.3 Visual Grounding in VQA

Models like MDETR (Kamath et al., 2021) and
GLIP (Li et al., 2022) achieve strong localisation by
training directly on phrase-box correspondences—
but this requires substantial annotation effort that
is simply unavailable for most VQA datasets.
GQA (Hudson and Manning, 2019) and Ref-
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COCO (Yu et al., 2016) are partial exceptions, but
no large-scale VQA training set includes bound-
ing boxes as a matter of course. A separate line
of work addresses VLM hallucination (Rohrbach
et al., 2019; Li et al., 2023b; Fu et al., 2025) by
post-hoc detection or correction, which treats the
symptom rather than the underlying cause. Our
self-supervised grounding loss is designed to ad-
dress the root issue during fine-tuning itself, with-
out requiring any localisation annotation—though,
as we discuss later, the absolute grounding quality
achieved on small models is still modest.

Comparison with patch and token selection
methods. The closest prior work in mechanism
are DynamicViT (Rao et al., 2021), EvoViT (Xu
et al., 2021), and Token Merging (Bolya et al.,
2023). All three reduce the visual token count,
but selection is driven entirely by image-internal
statistics: the same image produces the same prun-
ing decision regardless of the downstream query. In
a VQA setting this is a category error—the patches
relevant to “Is there a fracture?” on a chest radio-
graph are entirely different from those relevant to
“What organ is shown?” on the same image, and no
image-only criterion can distinguish them.

QGSA differs on three axes. First, selection
is conditioned on the question: the patch scorer
(Eq. 1) explicitly fuses q with each patch feature
vi, so the same image yields different subsets for
different queries. Second, selection is hard and
discrete at inference: unlike soft re-weighting in
Q-Former (Li et al., 2023a) or co-attention (Yu
et al., 2019), QGSA produces a binary mask that
fully excludes non-selected patches from the key–
value matrices, giving a trueO(k·d) cross-attention
cost. Third, the budget k is predicted per question
by fcomp, rather than fixed globally—though in
practice this collapses to a near-uniform budget on
small datasets (Section 4.7).

QGSA also differs from VLM-internal compres-
sion methods such as Perceiver (Jaegle et al., 2021)
and Q-Former (Li et al., 2023a), which aggregate
over all N patches before reducing the token count.
QGSA discards patches before cross-attention, so
the key–value computation never sees them. The
practical consequence is that QGSA’s FLOPs sav-
ings scale with resolution while aggregation costs
stay roughly constant: at 576px (N = 1296),
QGSA reduces cross-attention FLOPs by 98.7%, a
saving that grows quadratically with input resolu-
tion.

3 Method

3.1 Problem Formulation

Given an image I and a natural-language question
Q, a standard VLM proceeds in four steps: (1) en-
code I with a frozen vision encoder to obtain patch
features V = {v1, . . . , vN} ∈ RN×dv ; (2) encode
Q to obtain a question representation q ∈ Rdq ;
(3) compute cross-attention between q and all N
patch tokens; and (4) generate answer â. The total
cost of the cross-attention layers scales as O(N · d)
per head, dominating inference time for large N .

QGSA inserts a sparse selection step between
stages (2) and (3): it selects a small subset
Vsparse = {vi1 , . . . , vik} where k ≪ N , driven
by question relevance, and forwards only this sub-
set to all downstream cross-attention computations.
The resulting cost is O(k ·d), yielding a theoretical
speedup of N/k.

One practical complication is that SmolVLM’s
native connector module is designed for full grid
inputs and does not handle arbitrary patch subsets
gracefully. To work around this, we employ a by-
pass strategy during training that projects masked
patch features directly into the language model’s
embedding space via a learned linear projection
Wvis : Rdv → Rdq , replacing image-token posi-
tions in the LM input embeddings. This allows end-
to-end gradient flow through the selection mask
without modifying the frozen backbone. At in-
ference, images are pre-encoded through the full
vision encoder and connector, with image hidden
states passed directly to the LM, bypassing the
connector entirely. The train–inference discrep-
ancy this introduces is a known limitation and con-
tributes to the weaker results on the 500M model
(Section 4).

3.2 Differentiable Patch Selector

Patch scoring. We compute a scalar relevance
score for each patch by fusing the patch feature and
the question embedding:

si = MLP([q; vi; q⊙ vi]) ∈ R, (1)

where [· ; ·] is concatenation and⊙ is element-wise
multiplication after projecting q and vi to a com-
mon dimension dh = min(dq, dv, 256). The MLP
comprises two linear layers with ReLU activations
and a final scalar output. For SmolVLM-256M,
this totals fewer than 0.5M parameters.
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Adaptive sparsity budget. Rather than fixing k
globally, we predict a per-question budget from a
lightweight complexity estimator network fcomp:

k = ⌊kmin + (kmax − kmin)σ(fcomp(q))⌋ , (2)

where σ is the sigmoid function. We set kmin = 4
and kmax = 32 based on the small-scale experimen-
tal setup; these bounds ensure a minimum of four
patches for the simplest queries while permitting
up to 32 for complex spatial questions. The esti-
mator fcomp is a two-layer MLP with 256 hidden
units, trained end-to-end with the rest of QGSA.

Differentiable hard selection. Selecting a dis-
crete top-k subset is non-differentiable. We adopt
the Gumbel-Softmax reparameterisation (Jang
et al., 2017) to obtain differentiable soft approx-
imations during training. Specifically, we perturb
the patch scores with independent Gumbel noise:

s̃i =
exp((si + gi) /τ)∑
j exp((sj + gj) /τ)

, (3)

where gi ∼ Gumbel(0, 1) and τ > 0 is a temper-
ature annealed from 1.0 to 0.1 over training. To
preserve gradient flow back to fcomp, we construct
a differentiable sigmoid-threshold soft mask:

soft_maski = σ
(
s̃i−t
τsig

)
· k
∑

j σ
(
s̃j−t
τsig

) , (4)

where t is the k-th order statistic of s̃ (detached)
and τsig = max(τ, 0.05). The scaling by k/

∑
j(·)

makes k—and thus c = σ(fcomp(q))—fully dif-
ferentiable through the mask. A binary mask
mi = 1[soft_maski > 0.5] is used for the for-
ward pass via the straight-through estimator (Ben-
gio et al., 2013). At inference, Gumbel noise is
suppressed and top-k patches are selected deter-
ministically.

Sparse cross-attention. The selected patches are
assembled and passed to all cross-attention layers:

Vsparse = {vi | mi = 1},
h = CrossAttn(q, Vsparse).

(5)

Because |Vsparse| = k ≪ N , the key–value ma-
trices in every cross-attention head shrink from
(N × d) to (k× d), giving an immediate reduction
in both FLOPs and memory.

3.3 Question guided sparse attention
algorithm

Algorithm 1 summarises the full forward pass dur-
ing training, combining patch scoring, differen-
tiable selection, and the multi-component loss.

Algorithm 1 QGSA Training Forward Pass

Require: Batch {(Ib,Qb, ab)}Bb=1, temp. τ , weights
λ1, λ2, λ3

Ensure: Total loss L, updated QGSA parameters
1: // Encode inputs (frozen encoders)
2: Vb ← VisionEnc(Ib)
3: qb ← MeanPool(LMEmbed(Qb))
4: // Adaptive budget (trainable)
5: cb ← σ(fcomp(qb))
6: kb ← ⌊kmin + (kmax − kmin) · cb⌋
7: // Patch scoring (trainable)
8: sb ← PatchScorer(qb,Vb)
9: // Differentiable selection

10: s̃b ← GumbelPerturb(sb, τ)
11: tb ← s̃b,(kb) (kb-th order stat., detached)
12: τsig ← max(τ, 0.05)

13: msoft,b ← σ
(

s̃b−tb
τsig

)
· kb

/∑
j σ

(
s̃b,j−tb
τsig

)

14: mb ← 1[msoft,b>0.5]
15: Vsp,b ← {vi | mb,i = 1}
16: Vrn,b ← sample kb patches uniformly from Vb

17: // Grounding losses
18: Lcs ← 1

B

∑
b CtrLoss(Vsp,b,Vrn,b,qb, ab)

19: Lalign ← 1
B

∑
b AlignLoss(Vsp,b,Qb,Wp)

20: Lsparse ← 1
B

∑
b ∥mb∥1/N

21: // Complexity regularisation (batch-level)
22: Lkvar ← −0.5 ·Var({cb}Bb=1)
23: Lqlen ← −0.3 · corr({|Qb|}Bb=1, {cb}Bb=1)
24: Lentr ← −0.01

B

∑
bH(softmax(sb/τ))

25: // Total loss
26: L ← λ1Lcs + λ2Lalign + λ3Lsparse

+ Lentr + Lkvar + Lqlen

27: return L

3.4 Self-Supervised Grounding Loss
Most VQA training data provides no spatial ground-
ing supervision. We therefore design a multi-
component loss that encourages the selector to-
ward semantically meaningful patches without any
bounding-box annotation.

Contrastive selection loss (Lcs). The core idea
is that the selected patches should be more informa-
tive for predicting the correct answer than a random
subset of the same size:

Lcs = − logP (a | Vsparse, q)

+ logP (a | Vrand, q),
(6)

where Vrand is a uniformly sampled random sub-
set of k patches. Minimising Lcs pushes the model
to prefer patches that reduce answer uncertainty
relative to an uninformed baseline. Both log-
probability terms come from the same frozen VLM
head, so no additional model copy is required.
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Patch–word alignment loss (Lalign). We addi-
tionally encourage the selected patches to align
with the objects named in the question. Nouns and
proper nouns are extracted fromQ using the spaCy
dependency parser (Honnibal and Boyd, 2020), pro-
ducing a set N . Each noun n ∈ N is encoded by
the frozen CLIP text encoder (Radford et al., 2021)
to yield an embedding ϕ(n). Selected patch fea-
tures are projected into CLIP embedding space via
a lightweight linear head Wp, and we maximise
cosine similarity:

Lalign =
∑

n∈N
−1

k

k∑

i=1

cos(Wpvi, ϕ(n)) . (7)

Because both ϕ and the CLIP vision encoder were
trained on paired image–text data, this loss pro-
vides a strong prior on which image regions are
semantically consistent with question nouns. In
practice, this is the loss term that contributes most
visibly to the grounding IoU improvement on Ref-
COCO.

Sparsity regularisation (Lsparse). Without ex-
plicit pressure toward parsimony, the complexity es-
timator tends to push k toward kmax for all queries,
defeating the purpose of adaptive budgeting. We
add:

Lsparse =
1

N

N∑

i=1

mi, (8)

which penalises the average fraction of selected
patches. The coefficient λ3 = 0.01 is deliberately
small—the goal is a light regularising pressure, not
a dominant training signal.

Total training objective. The full loss is:

L = λ1 Lcs + λ2 Lalign + λ3 Lsparse
+ Lentropy + Lkvar + Lqlen

(9)

where Lentropy = −0.01 · H(softmax(s/τ)) en-
courages non-uniform patch scores; Lkvar =
−0.5 ·Var(c) pushes the complexity estimator to
produce a spread of budgets across the batch; and
Lqlen = −0.3 · corr(|q|, c) encourages larger bud-
gets for longer questions, where |q| denotes the
token count of the question sequence. We set
λ1 = 0.5, λ2 = 0.3, and λ3 = 0.01. The base
VLM parameters are frozen throughout; only the
QGSA module and the projection heads are trained.

Figure 1: Overview of QGSA. Frozen encoders in blue;
trainable components (QGSA module and projection
head) in orange. At inference, only the k ≪ N selected
patches reach the cross-attention layers.

3.5 Implementation Details

Base models. We integrate QGSA into three
small-scale VLMs: SmolVLM-256M-Instruct
(SigLIP-400M + SmolLM2-135M) (Face, 2024),
SmolVLM-500M-Instruct (SigLIP-400M +
SmolLM2-360M), and moondream2 (Agarwal,
2024). Vision encoders and language model
backbones are frozen throughout; only the QGSA
module and projection heads are updated. The
SmolVLM models use a 384×384 input resolution
with 14×14 patches, yielding up to 576 patch
tokens per image. We report empirical results
for SmolVLM-256M and SmolVLM-500M;
moondream2 is supported architecturally but not
evaluated here due to its larger memory footprint.

Architecture. Figure 1 gives a high level
overview of the architecture. The patch scorer
computes si = MLP([q; vi; q ⊙ proj(vi)]) with
a hidden dimension dh = min(dq, dv, 256). The
complexity estimator is a two-layer MLP with 256
hidden units. Wp is a single linear layer mapping
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dv → 512 (the CLIP embedding dimension). For
SmolVLM-256M, dv = 768 and dq = 576; for
SmolVLM-500M, dv = 768 and dq = 960; for
moondream2, dv = 1152 and dq = 2048. Total
trainable parameters for the 256M variant are ap-
proximately 1.2M—under 0.5% of the full model.

Training. We fine-tune on the VQA-RAD train-
ing split (Lau et al., 2018) for 5 epochs, batch size 8,
learning rate 3× 10−4, cosine annealing with a 50-
step linear warmup. Gumbel temperature τ is an-
nealed linearly from 1.0 to 0.1. Gradient norms are
clipped to 1.0. Training takes approximately 1.5–2
hours on a single NVIDIA GB10 (Blackwell) GPU.
The CLIP encoder for Lalign is ViT-B/32 (Radford
et al., 2021), frozen. Nouns are extracted using
spaCy’s dependency parser (Honnibal and Boyd,
2020).

4 Experiments

4.1 Datasets and Metrics
We evaluate on three benchmarks: VQA-
RAD (Lau et al., 2018) (open-ended medical
questions on radiology images, ∼3.5k samples);
A-OKVQA (Schwenk et al., 2022) (knowledge-
intensive questions, ∼17k samples); and Ref-
COCO (Yu et al., 2016) (referring-expression com-
prehension with bounding boxes, ∼20k samples).
These three benchmarks were chosen to cover dif-
ferent axes of VQA difficulty: domain specificity,
external knowledge, and spatial precision.

For VQA performance we report standard accu-
racy. Grounding quality is measured by the IoU
between the convex hull of selected patches and
ground-truth bounding boxes on RefCOCO. Effi-
ciency is reported as wall-clock latency (ms per
query), FLOPs reduction, and theoretical speedup
at various input resolutions.

4.2 Baselines
We compare against: (1) the unmodified base
VLM (Dense baseline), which attends to all im-
age patches; (2) Sparse selection with fixed k,
where patches are selected without grounding su-
pervision; and (3) Adaptive k with incremental
additions of Lcs and Lalign. All baselines use the
same frozen base model and are evaluated under
identical conditions.

4.3 Main Results
Table 1 summarises the 256M results. The head-
line finding is straightforward: QGSA matches the

Table 1: Main results (SmolVLM-256M-Instruct). ∆
denotes absolute accuracy change; latency is end-to-end
per query including scorer overhead.

Dataset Base QGSA ∆ Lat. (ms)

VQA-RAD 3.50 3.50 0.0 255.3
A-OKVQA 1.00 1.00 0.0 242.6
RefCOCO 0.00 0.00 0.0 205.4

Avg. 1.50 1.50 0.0 234.4

dense baseline exactly on every dataset while reduc-
ing the number of patches entering cross-attention
from 576 to 17—a 34× compression of the visual
token sequence. The 0.0 pp accuracy gap holds
on VQA-RAD (3.5%), A-OKVQA (1.0%), and
RefCOCO (0.0%).

A few things are worth noting about these num-
bers in context. The absolute accuracy figures are
low throughout, which reflects the limited capacity
of SmolVLM-256M rather than anything specific
to QGSA. On RefCOCO in particular, neither the
dense baseline nor QGSA scores above zero, which
tells us the model cannot perform referring expres-
sion comprehension at this scale without task- spe-
cific fine-tuning—the QGSA results there are triv-
ially tied. The more meaningful takeaway is that
QGSA does not make things worse even when dis-
carding 97% of patch tokens, which is a non-trivial
property to establish. The consistent k = 17 across
all three datasets is also notable and is discussed
further in Section 4.7.

SmolVLM-500M results. Results on the 500M
variant are shown in Table 2. QGSA again pre-
serves accuracy, selecting k = 18 patches on av-
erage. Interestingly, the 500M model performs
worse than the 256M variant on VQA-RAD (2.0%
vs. 3.5%). This is counterintuitive at first glance,
but we believe the cause is the bypass projection
strategy: the vis_proj layer must bridge dv = 768
to dq = 960 (compared to dq = 576 for the 256M
model), and this larger projection introduces more
approximation error into the training signal. Both
models share the same vision encoder (dv = 768,
per Table 6), so the difference is entirely on the
language model side. Fixing this would require ei-
ther a more expressive projection head or a training
approach that does not rely on the bypass at all—an
avenue we leave for future work.
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Table 2: Main results (SmolVLM-500M-Instruct). ∆
denotes absolute accuracy change.

Dataset Base QGSA ∆ Lat. (ms)

VQA-RAD 2.00 2.00 0.0 289.7
A-OKVQA 0.00 0.00 0.0 269.8
RefCOCO 0.00 0.00 0.0 229.4

Avg. 0.67 0.67 0.0 263.0

Table 3: RefCOCO grounding IoU (convex hull of se-
lected patches vs. ground-truth boxes). QGSA achieves
a 31× relative improvement over random patch selec-
tion without bounding-box supervision.

Method RefCOCO IoU (%)

Baseline (random patches) 0.01
QGSA (full) 0.31

4.4 Grounding Quality

Table 3 shows that QGSA’s patch selection is
meaningfully better than chance at localising re-
ferred objects—31× better in relative terms—even
though neither system achieves an IoU that would
be practically useful. We want to be clear about
what this result does and does not mean. The 31×
ratio is real, but the absolute values are near-zero
(0.31% vs. 0.01%), so the practical improvement
is minimal. The gap mainly reflects that QGSA’s
selector has learned to avoid the most irrelevant
patches (background, out-of-frame regions) rather
than learning to precisely localise the referred ob-
ject.

Two factors make better grounding difficult here.
First, SigLIP-400M produces patch features at
a coarse 14-pixel grid on 384×384 images, so
the spatial resolution of the selection is inher-
ently limited. Second, VQA-RAD—the dataset
we train on—has no bounding box annotations, so
the grounding signal comes entirely from the self-
supervised losses applied at RefCOCO test time.
Better grounding likely requires either training on
a dataset with spatial annotations or scaling to a
model with richer visual representations.

4.5 Efficiency Analysis

Table 4 shows the efficiency picture across reso-
lutions. The pattern is straightforward once you
understand what dominates. At 224px, the fixed
overhead of the patch scorer and Gumbel-Softmax
selection (roughly 0.6 ms) is large relative to the
base forward pass, so QGSA is actually slower in
wall-clock time. At 336px the two curves cross:

QGSA comes in at 6.46 ms against the dense base-
line’s 6.63 ms. Above 336px, QGSA adds a small
constant latency while the dense baseline’s cost
grows with N , so the theoretical advantage com-
pounds with resolution. Figure 2 plots wall-clock
latency against resolution for both systems; the
crossover at 336px is visible directly.

Although the theoretical speedups achieved by
QGSA are substantial (33.9× at 384px and 76.2×
at 576px), these values should not be interpreted
as direct end-to-end latency improvements. In the
relatively small models considered here, overall
inference cost is dominated by the language model
decoding stage rather than cross-attention compu-
tation. Consequently, even a 76× reduction in
cross-attention FLOPs yields only modest wall-
clock gains on the order of a few milliseconds.

Instead, these results should be viewed as an es-
timate of QGSA’s potential in larger-scale architec-
tures where cross-attention constitutes the primary
computational bottleneck. At 576px, QGSA re-
duces cross-attention FLOPs by 98.7%; in a regime
where cross-attention accounts for approximately
80% of total inference cost, this reduction would
correspond to an estimated end-to-end speedup of
roughly 4–5×.

4.6 Ablation Studies
The ablation in Table 5 is unusual in that accuracy
is uninformative: all QGSA configurations sit at
3.11% on this 150-sample subset, identical to the
dense baseline at chance level. Adding Lcs, Lalign,
or the adaptive budget changes nothing. This is
not a failure of the ablation design—it is a gen-
uine finding about the limits of SmolVLM-256M.
The model does not have the capacity to benefit
from better patch selection because it cannot reli-
ably answer these medical questions regardless of
which patches it sees. The QGSA module’s 1.2M
parameters cannot compensate for the base model’s
intrinsic reasoning ceiling.

What the ablation does tell us is about latency
structure. The jump from dense (191.7 ms) to any
QGSA variant (∼293–295 ms) is almost entirely
attributable to the scorer forward pass and Gumbel-
Softmax sampling—not to the cross-attention itself,
which is cheaper. The additional loss terms (Lcs,
Lalign) add negligible latency at inference since
they are only active during training. On the full
evaluation set (200 samples), the overhead drops to
∼33% (192 ms→ 255 ms) because the amortisa-
tion of fixed costs improves with batch throughput.
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Table 4: Efficiency at various input resolutions for SmolVLM-256M. FLOPs reduction is measured in the cross-
attention stage only. At 336px, QGSA is marginally faster than the dense baseline in wall-clock time; from 384px
onward the gap grows in QGSA’s favour theoretically but narrows in practice due to LM decode cost. Theoretical
speedup (N/k) assumes cross-attention dominates; realised end-to-end speedup requires larger models where this
holds.

Resolution N patches Dense (ms) QGSA (ms) FLOPs↓ Speedup (theory)

224px 196 4.77 5.96 91.3% 11.5×
336px 441 6.63 6.46 96.1% 25.9×
384px 576 8.75 9.16 97.0% 33.9×
448px 784 6.49 6.96 97.8% 46.1×
576px 1296 14.91 15.53 98.7% 76.2×

Table 5: Component ablation on VQA-RAD (SmolVLM-256M, 150-sample subset). Accuracy is uniform at 3.11%
across all QGSA configurations on this subset; note this differs from the 3.50% on the full eval set (Table 1),
reflecting the smaller sample. Latency is the more informative axis here.

Configuration Latency (ms)

Baseline (dense attention) 191.7

+ Sparse selection (fixed k) 292.6
+ Adaptive k 295.0
+ Lcs 294.3
+ Lalign 294.1
+ Both losses (full) 294.7

224 336 384 448 576
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Figure 2: Wall-clock latency vs. input resolution
(SmolVLM-256M). The curves cross at 336px, where
QGSA (6.46 ms) marginally undercuts the dense base-
line (6.63 ms). The 0.6 ms fixed scorer overhead shrinks
as a fraction of total latency as resolution grows; at
576px it is 4% of QGSA’s total.

The training pipeline is stable and converges in all
configurations, which is the more useful outcome
of this ablation for future work on larger models.

4.7 Analysis of Adaptive Sparsity

The complexity estimator converges to k ≈ 17
across all resolutions and datasets, with its output c
clustering around 0.5 rather than spreading across
the [0, 1] range it was designed to exploit. Broken
down by question type on VQA-RAD, the budget
barely moves: Counting and Spatial questions—
which intuitively should demand more patches—
receive essentially the same k as simple Existence

questions.
This is a genuine failure of the adaptive mech-

anism, and we think the cause is reasonably clear.
VQA-RAD contains∼3.5k training samples across
five question types, which does not provide enough
diversity to overcome the contrastive loss’s ten-
dency to dominate training. The regularisation
terms (Lkvar, Lqlen) were designed precisely to
counteract this, but their coefficients (–0.5 and –0.3
respectively) are insufficient against the pull of Lcs
at λ1 = 0.5. In hindsight, a curriculum approach—
initially suppressing Lcs to let the budget estimator
develop first—might have helped. Alternatively,
explicit question-type labels or difficulty annota-
tions as a direct supervision signal would likely be
more effective than our current indirect regulari-
sation. The consistent k = 17 budget effectively
means QGSA is operating as a fixed-k selector in
practice, which is why the ablation configurations
with and without adaptive k show identical latency
and accuracy.

4.8 Generalisation Across Base Models

QGSA is designed to adapt automatically to a
model’s hidden dimensions by reading them from
the loaded config rather than hardcoding values.
For SmolVLM-256M, the scorer, complexity es-
timator, and projection heads total approximately
1.2M trainable parameters; for moondream2, this
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Table 6: Supported base models and QGSA configuration for each. Both SmolVLM variants share the same vision
encoder (dv = 768); the difference in QGSA parameter count between models is driven by dq .

Model dv dq Patch Size Image Size

SmolVLM-256M-Instruct 768 576 14 384
SmolVLM-500M-Instruct 768 960 14 384
moondream2 1152 2048 14 378

rises to ∼5.5M due to the larger dv and dq. In all
cases QGSA adds less than 1% to the total parame-
ter count. The modular design means integration
requires only access to the vision encoder output
and the language model’s embedding space—both
are standard interfaces in transformer VLMs.

5 Conclusion

We have presented Question-Guided Sparse At-
tention (QGSA), a lightweight module that se-
lects question-relevant image patches via a dif-
ferentiable Gumbel-Softmax selector and passes
only those patches to downstream cross-attention.
On SmolVLM-256M and SmolVLM-500M, across
VQA-RAD, A-OKVQA, and RefCOCO, QGSA
preserves accuracy exactly while reducing cross-
attention FLOPs by 91–99% across standard res-
olutions. The module is small (1.2M trainable pa-
rameters on SmolVLM-256M), trains in under two
hours on a single GPU, and integrates without mod-
ifying any frozen backbone weights.

The grounding results are modest in absolute
terms (0.31% IoU on RefCOCO) but represent a
31× improvement over random selection without
any bounding-box supervision, which is encour-
aging evidence that the self-supervised losses are
doing something useful. Wall-clock parity with the
dense baseline is reached at 336px, where QGSA
is marginally faster.

The clearest limitation is that SmolVLM-256M
is too small to stress-test question-conditioned
sparse attention. The model’s VQA capacity is
the binding constraint, not the attention mecha-
nism, so QGSA operates in a regime where it can-
not benefit the final answer even if patch selection
is perfect. Scaling to models with genuine task
capacity—where the question being asked actu-
ally changes which answer the model produces—
is the necessary next step. At higher resolutions
and larger scales, the FLOPs argument becomes
compelling: a 76× theoretical speedup in cross-
attention at 576px is a real efficiency gain, even if
current hardware makes it hard to fully realise in
wall-clock time.

Limitations

The limitations of the present study are primarily
practical rather than conceptual. QGSA requires
an additional fine-tuning stage (∼1.5–2 hours on
SmolVLM-256M), and for small models the scorer
module introduces a substantial inference over-
head, increasing latency by approximately 33–50%.
While acceptable in larger architectures, this cost
is significant when the baseline model is already
computationally lightweight.

In addition, the adaptive budget estimator con-
sistently converges to a nearly uniform allocation
(k ≈ 17) irrespective of question type. As a result,
QGSA effectively behaves as a fixed-k method on
the evaluated dataset, limiting the practical impact
of adaptive computation.

Grounding performance also remains weak, with
an IoU of only 0.31%, which is insufficient for prac-
tical localization or interpretability applications.
Furthermore, absolute task accuracy remains close
to chance across all benchmarks, making it difficult
to determine whether the learned patch selection
strategy captures semantically meaningful visual
information or reflects incidental correlations in the
data.

Taken together, these limitations suggest that the
current experimental setup is constrained primarily
by model scale. Evaluating QGSA on substan-
tially larger vision–language models, where cross-
attention represents a dominant computational bot-
tleneck and reasoning performance is stronger, is
likely necessary to fully assess the effectiveness of
the proposed approach.
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A Extended Empirical Analysis

The following sections provide additional detail
on the budget distribution, resolution scaling, and
ablation latency. The main paper covers the key
findings; this appendix is for readers who want the
full numbers.

A.1 Adaptive Budget Distribution
The complexity estimator is designed to allocate a
budget k ∈ [kmin, kmax] based on perceived ques-
tion difficulty. In practice it converges to k̄ ≈ 17.17
across all five VQA-RAD question categories—
Existence, Other, Spatial, Attribute, and Counting—
with essentially no differentiation between them.
The fact that Counting and Spatial questions, which
typically require finer visual attention, receive the
same budget as simple Existence questions con-
firms that the training signal is not driving question-
difficulty discrimination. We discuss the causes and
potential fixes in Section 4.7 of the main paper.

A.2 Resolution Scaling and Efficiency
Figure 3 provides the full FLOPs reduction and
speedup curves across resolutions. The key ob-
servation is that FLOPs reduction stays above
90% across the entire resolution range and reaches
98.7% at 576px, while the theoretical speedup
(N/k) grows superlinearly becauseN scales as res-
olution squared while k remains fixed. At 576 px,
QGSA achieves a 76.2× theoretical speedup in
cross-attention for SmolVLM-256M. The gap be-
tween the 256M and 500M curves in Figure 4 re-
flects the difference in average k (17 vs. 18) rather
than any architectural difference.

A.3 Ablation Latency Breakdown
Figure 5 shows the latency for each ablation config-
uration on the 150-sample VQA-RAD subset. The
∼100 ms jump from Dense to any QGSA variant
is almost entirely the scorer overhead, not cross-
attention. Adding losses or switching from fixed

to adaptive k changes latency by at most 2.4 ms
(within noise). Accuracy is 3.11% for all configu-
rations on this subset.

A note on sparse attention on standard hard-
ware. The theoretical FLOPs savings do not
translate directly to wall-clock gains on current
GPU hardware because sparse gather/scatter oper-
ations are not as well-optimised as dense matrix
multiplications. Custom CUDA kernels for the
patch selection step—or integration with frame-
works like FlashAttention that can exploit sparsity
at the kernel level—would likely narrow this gap
substantially. We leave this as an engineering task
for future work.
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Abstract

With 1.5 billion people speaking over 120
major languages, India exemplifies the chal-
lenges of multilingual AI evaluation. Cur-
rent multilingual VLM benchmarks suffer
from unverified auto-translations, narrow task
coverage, small sample sizes, and lack of
culturally grounded content. We present
HinTel-AlignBench, a comprehensive evalua-
tion framework and benchmark for Hindi and
Telugu vision-language models with English-
aligned samples. Our framework combines
semi-automated translation with human veri-
fication to generate∼4k QA pairs per language
across five domains: adapted English datasets
(VQAv2, RealWorldQA, CLEVR-Math) and
native Indic sets (JEE for STEM, VAANI for
cultural grounding). Evaluation of state-of-the-
art open and closed-source VLMs reveals con-
sistent performance regression from English
to Indic languages, with average drops of 8.3
points for Hindi and 5.5 points for Telugu
across four of five tasks. We identify key fail-
ure modes and establish reproducible baselines
for multilingual multimodal evaluation.

1 Introduction

India’s 122 major languages and 1599 other lan-
guages1 present unique challenges for multilingual
AI. While recent multimodal large language mod-
els (MLLMs) such as ChatGPT (OpenAI, 2025),
Gemini 2.5 (Google DeepMind, 2025), and open-
weight variants (Meta Llama, 2025; Dash et al.,
2025) claim multilingual support, comprehensive
evaluation benchmarks for Indian languages remain
scarce.

Current evaluation methodologies suffer from
critical limitations in quality, scope, and scale.
First, many benchmarks rely on unverified auto-
matic translations (Wu et al., 2025), inevitably

*Equal contribution.
1https://en.wikipedia.org/wiki/Languages_of_

India

Figure 1: Average performance of GPT-4.1 and Gemini-
2.5-Flash on English, Hindi, and Telugu across data-
parallel visual question answering samples. Perfor-
mance regresses from English to Hindi by 8.3 points
and from English to Telugu by 5.5 points.

introducing noise. While text-only benchmarks
like IndicGenBench (Singh et al., 2024) exist, they
lack multimodal coverage. Second, existing vision-
language benchmarks often suffer from insufficient
sample sizes; for instance, xChat (Yue et al., 2025)
and AyaVisionBench (Dash et al., 2025) contain
only 50 and 135 QA pairs per language, respec-
tively, preventing statistically significant analysis.
Third, domain coverage is often narrow. Concur-
rent work such as Kaleidoscope (Salazar et al.,
2025) provides ∼800 samples per Indic language
but focuses exclusively on exam-based multiple-
choice questions, neglecting real-world reason-
ing. Finally, adapted benchmarks often lack cul-
tural grounding, evaluating surface-level transla-
tion rather than native competence (Khan et al.,
2024). We elaborate on previous works in the ap-
pendix.

To address these gaps, we introduce HinTel-
AlignBench, a scalable framework and benchmark
for evaluating VLMs in Hindi and Telugu. Our
semi-automated pipeline combines translation or
LLM-based QA generation with strict human verifi-
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Figure 2: Dataset generation pipeline for (A) VQAv2, RealWorldQA, and CLEVR-Math using translation and
human verification; (B) JEE-H and JEE-T using OCR extraction and verification; (C) VAANI-H and VAANI-T
using LLM-based question generation from captions with filtering and verification.

cation, achieving 5x faster processing than manual
creation for 79% of samples while maintaining lin-
guistic fidelity. The benchmark comprises∼4k QA
pairs per language—significantly larger than prior
manually verified sets—spanning five domains:
real-world understanding (VQAv2 (Goyal et al.,
2017a)), practical reasoning (RealWorldQA (xAI,
2024a)), visual mathematics (CLEVR-Math (Lind-
ström and Abraham, 2022)), STEM competency
(JEE-Vision from India’s Joint Entrance Exam),
and cultural grounding (VAANI (Team, 2025)).
Crucially, each sample includes manually verified
English translations, enabling direct cross-lingual
comparison.

Evaluation of state-of-the-art models on our
benchmark reveals systematic performance degra-
dation. Across all models, we observe average
regressions of 8.3 points (Hindi) and 5.5 points
(Telugu) relative to English, with gaps appearing
in four of five tasks (Figure 1). Even frontier mod-
els like GPT-4.1 exhibit 3.8-point (Hindi) and 8.6-
point (Telugu) performance drops. Performance on
aligned Hindi and Telugu subsets differs by less
than 1 point, indicating comparable gaps between
English and both Indic languages.

Our contributions are: (1) a semi-automated
framework for generating multilingual vision-
language evaluation sets; (2) the largest human-
verified Hindi and Telugu VLM benchmark to date,
featuring culturally sourced content and English-
aligned samples; and (3) a comprehensive evalu-
ation of state-of-the-art models, highlighting sig-
nificant performance regressions across diverse do-
mains.

2 Datasets

2.1 Data Sources

We construct HinTel-AlignBench by combining
translated English VQA datasets with native Indic
evaluation sets across five domains. The translated
sets include 1000 samples from VQAv2 (Goyal
et al., 2017b) for real-world visual understanding,
765 samples from RealWorldQA (xAI, 2024a,b) for
practical spatial reasoning, and 1000 samples from
CLEVR-Math (Lindström and Abraham, 2022) for
visual mathematical reasoning.

For native Indic content, we develop JEE-Vision
from India’s Joint Entrance Examination, sourc-
ing 192 Hindi questions (JEE-H) from the Ad-
vanced exam and 325 Telugu questions (JEE-T)
from the Mains exam. These diagram-dependent
STEM problems span mathematics, physics, and
chemistry, providing the first benchmark for non-
translated multilingual technical reasoning with
visual content. We generate culturally grounded
evaluation sets (VAANI-H and VAANI-T) by sam-
pling 945 Hindi and 1020 Telugu images from the
VAANI corpus (Team, 2025), using GPT-4.1 to
create multiple-choice questions from original cap-
tions, then filtering out text-only answerable ques-
tions.

Translation-based extension enables multi-way
parallel data, allowing attribution of performance
to task knowledge versus language understand-
ing (Singh et al., 2024). This approach also lever-
ages the quality control invested in designing the
original English benchmarks. Table 1 shows the
distribution of QA pairs per language and task. Fig-
ure 3 showcases a few examples.

2.2 Dataset Generation Framework

Figure 2 illustrates our three-stage generation
framework tailored to different data sources.
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Figure 3: Qualitative Examples for different domains in our dataset. More images are shown in the appendix

Language VQAv2 RealWorldQA CLEVR-Math JEE-H JEE-T VAANI-H VAANI-T

Hindi 1,000 765 1,000 192 - 945 -
Telugu 1,000 765 1,000 - 325 - 1,020
English 1,000 765 1,000 192 325 945 1,020

Total 3,000 2,295 3,000 384 650 1,890 2,040

Table 1: Number of QA pairs per task per language
in HinTel-AlignBench. The samples used in VQAv2,
RealWorldQAand CLEVR-Math are the same across
all languages.

Translation Pipeline. For VQAv2, Real-
WorldQA, and CLEVR-Math, we evaluate four
translation systems (IndicTrans (Gala et al., 2023),
Google Translate, Azure, AWS) on 50 diverse sam-
ples per language, selecting Azure for Hindi and
AWS for Telugu. All translations undergo man-
ual verification for semantic accuracy, linguistic
style, and readability (KJ et al., 2025). We avoid
back-translation-based sample selection, which in-
troduces bias toward high-confidence translation er-
rors. Manual review accepts 79% of VQAv2 trans-
lations without modification; among modified sam-
ples, 42% require only minor changes (verb tense),
while 58% need word addition or deletion. Sam-
ples requiring only minor edits process 5x faster
than generation from scratch. All verification is
performed by co-author native speakers. We use
one annotator per sample to maximize dataset size
within budget constraints.

JEE-Vision Creation. India’s Joint Entrance
Examination provides authentic STEM problems
authored by subject-matter experts in target lan-
guages (JEE Mains: 13 languages; Advanced: En-
glish/Hindi), avoiding translation artifacts. We cu-
rate diagram-dependent problems, evaluating joint
understanding of technical visuals and linguistic
content. Questions and options are extracted using
Gemini-2.5-Flash OCR (Google DeepMind, 2025),

then manually verified to correct OCR errors.

VAANI Generation. From the VAANI cor-
pus (Team, 2025), we extract images with text
transcriptions from Hindi and Telugu speaking re-
gions. Since no images have both Hindi and Tel-
ugu transcriptions, we create separate language-
specific sets. Text-only GPT-4.1 generates multiple-
choice questions from captions, which undergo
two-stage refinement: automated filtering removes
questions answerable without images, followed by
human verification to eliminate low-quality ques-
tions. This process addresses cases where VAANI
captions do not perfectly align with images.

3 Experimental Setup

Models. We evaluate open-weight and propri-
etary models claiming Indic language support. For
Hindi, we test Gemma3 (4B, 12B, 27B) (Team
et al., 2025), Qwen2.5VL-7B (Bai et al., 2025),
Llama3.2-Vision-11B (Meta Llama, 2025), Aya-
8B (Dash et al., 2025), Chitrarth-8B (Khan et al.,
2024), GPT-4.1 (OpenAI, 2025), and Gemini-2.5-
Flash (Google DeepMind, 2025). For Telugu,
fewer models provide support; we evaluate the
Gemini variants, GPT-4.1, and Chitrarth-8B.

Metrics. For multiple-choice tasks (RealWorldQA,
VAANI, JEE), we report standard accuracy. For
open-ended generation (VQAv2, CLEVR-Math),
we utilize a hybrid evaluation protocol combining
exact match with a GPT-4.1 judge to account for
linguistic variations, following standard VQA prac-
tices (complete details in appendix).
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Model VQAv2 RealWorldQA CLEVR-Math JEE-T VAANI-T Ours-T

Tel En Tel En Tel En Tel En Tel En Tel En

GPT 4.1 68.70 72.00 61.05 75.29 46.60 65.00 34.36 40.92 81.57 82.45 58.46 67.13
Gemini 2.5 Flash 75.10 74.10 61.18 73.20 66.70 71.80 45.90 54.15 82.75 80.78 66.33 70.81
Gem 2.0 Flash 70.20 74.20 60.92 69.67 43.60 53.50 42.15 53.23 80.49 79.61 59.47 66.04
Gem 1.5 Flash 68.50 74.40 60.00 67.19 37.40 46.70 29.85 39.38 76.27 79.61 54.40 61.46
Chitrarth 76.00 78.50 53.59 52.55 53.90 56.90 20.00 18.15 81.57 82.45 57.01 57.71

Model Mean 71.10 74.64 59.35 67.58 49.64 58.78 34.85 41.17 80.53 80.98 59.13 64.63

Table 2: Results (in %) for Telugu and English. Bold indicates the best and underline indicates the next best.

Model VQAv2 RealWorldQA CLEVR-Math JEE-H VAANI-H Ours-H

Hi En Hi En Hi En Hi En Hi En Hi En

GPT-4.1 68.00 72.00 70.59 75.29 48.10 65.00 23.18 23.05 93.33 86.88 60.64 64.44
Gemini 2.5 Flash 65.00 74.10 69.54 73.20 60.70 71.80 56.90 62.89 93.86 87.19 69.20 73.84
Chitrarth 66.00 78.50 52.94 52.55 57.20 56.90 11.72 13.93 84.23 80.14 54.42 56.40
Qwen2.5VL-7B 37.20 74.30 51.11 68.10 29.10 98.80 17.84 20.70 81.79 84.76 43.41 69.33
Aya-8B 36.30 47.30 55.42 58.82 46.20 61.40 9.63 16.02 82.22 80.42 45.95 52.79
LLaMA 3.2 11B 35.90 59.80 35.68 61.57 18.90 35.60 14.32 14.45 77.67 83.28 36.49 50.94
Gemma3-27B 64.10 65.50 54.38 61.04 43.50 53.70 19.66 17.58 87.41 82.01 53.81 55.97
Gemma3-12B 63.00 65.70 53.98 58.69 40.20 46.80 14.84 16.80 85.50 82.33 51.50 54.87
Gemma3-4B 55.00 58.20 43.27 50.19 33.20 39.60 14.32 17.19 80.64 77.78 45.29 48.59

Model Mean 53.74 66.26 53.99 62.49 43.01 58.62 20.01 22.29 85.85 83.76 51.19 58.49

Table 3: Results (in %) for Hindi and English. Bold indicates the best and underline indicates the next best.

4 Results and Analysis

4.1 Main Results

Tables 2 and 3 present Telugu-English and Hindi-
English comparisons. Across all models and tasks,
average performance regresses 5.5 points from
English to Telugu and 8.3 points from English
to Hindi. Performance drops occur in four of
five tasks, with VAANI showing smaller gaps.
On aligned samples spanning VQAv2, CLEVR-
Math, and RealWorldQA evaluated with GPT-4.1,
Gemini-2.5-Flash, and Chitrarth, Hindi, Telugu,
and English achieve 61.51, 62.53, and 68.6 points
respectively, demonstrating systematic degradation
from English to both Indic languages.

Gemini-2.5-Flash achieves best overall perfor-
mance on both language pairs. Chitrarth leads on
VQAv2 due to multilingual VQAv2 training. How-
ever, models show substantial cross-language vari-
ance: GPT-4.1 excels on RealWorldQA in English
and Hindi but underperforms on Telugu, highlight-
ing the need for comprehensive evaluation across
all target languages. Qwen2.5VL-7B exhibits the
largest Hindi-English gap at 25.92 points.

4.2 Task-Specific Analysis

Figure 4 shows average performance regression per
task. CLEVR-Math and RealWorldQA exhibit the
largest English-Indic gaps, while VAANI shows the
smallest. VAANI-H performance exceeds English

by 2.09 points on average. Analysis reveals two
factors: first, some English questions fail to capture
Indic-script option meanings in images with visible
Indic text. Second, text-only LLM-generated dis-
tractors may enable statistical pattern exploitation.

Figure 4: Average performance regression from English
to Indic languages per domain. All tasks except VAANI
show consistent regression.

Chain-of-Thought prompting improves reason-
ing tasks but benefits English more than Hindi. On
JEE-H, CoT gains 13.8 points in English versus
2.22 points in Hindi, suggesting training bias to-
ward English CoT data. Detailed ablationions and
error analysis are reported in the appendix.

5 Conclusion

This paper introduces HinTel-AlignBench, a frame-
work for developing benchmarks to evaluate mul-
timodal large language models in Hindi and Tel-
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ugu, addressing critical gaps in existing multilin-
gual evaluations. We combined semi-automated
dataset creation with rigorous human verification
and sourced culturally grounded native datasets to
assess diverse capabilities. Evaluations of state-
of-the-art VLMs reveal significant performance re-
gressions in Indic languages compared to English,
emphasizing the need for targeted improvements
in multilingual visual understanding.

Limitations

While our benchmark introduces a diverse evalu-
ation set it has limitations. First, the proprietary
models we evaluated achieve high scores on the
VAANI-H/T. We use text only LLMs for generat-
ing QA from VAANI captions and they often do
not design good distractors. Thus, the models may
guess the correct answer by exploiting statistical
patterns, which inflates metrics. A future work is
using Multi-Binary Accuracy (Cai et al., 2024) for
VAANI subsets. Second, the JEE-H benchmark
contains only 2 Mathematics questions, due to lack
of image-based mathematics questions in the JEE-
Advanced examination. Finally, there are 22 of-
ficial Indian languages and we cover English and
2/22 (Hindi and Telugu) with this work. We hope
this benchmark gets extended to all other Indic
languages with contributions from native speakers
from those languages.
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Abstract

Text-to-image diffusion models learn a map-
ping from natural language to visual structure,
but how robust is this mapping to perturba-
tion? We use personalization—fine-tuning a
model to learn a new face, object, or style—as
a controlled stress test to probe the fragility of
learned vision-language alignment. We find
that fine-tuning for one concept systematically
shifts the model’s ability to faithfully render
unrelated concepts, and that this disruption
follows structured, predictable patterns. To
measure this fragility, we construct Concept
Entanglement Maps: per-prompt, per-model
disruption matrices that reveal which concepts
are most affected and why. Using Stable Dif-
fusion v1.5 as a controlled testbed, we eval-
uate 15 subjects across three personalization
methods on 200 prompts and report three find-
ings about the organization of vision-language
alignment: (1) aggregate disruption is larger for
vision-backbone and cross-attention perturba-
tions than for text-embedding perturbations, de-
spite the latter directly modifying the language
representation; (2) abstract and compositional
language is significantly more fragile than con-
crete, object-specific language; and (3) dis-
ruption does not follow semantic proximity—
personalizing for a face does not preferentially
disrupt other face-related prompts (p = 1.0),
suggesting that alignment vulnerability is or-
ganized globally rather than purely by seman-
tic category. These findings expose a struc-
tural vulnerability in current text-to-image per-
sonalization: the same cross-attention mecha-
nism that enables compositional generalization
also creates pathways through which local fine-
tuning can propagate as global alignment shift.

1 Introduction

The ability of text-to-image diffusion models to
translate natural language descriptions into co-
herent visual outputs depends on vision-language
alignment—the learned correspondence between

text token representations and spatial visual fea-
tures. This alignment, mediated by cross-attention
layers that project text embeddings into the visual
feature space, enables remarkable compositional
generalization: a model can render “a koala wear-
ing a top hat on the moon” despite never observing
this combination, because it has learned how each
word anchors to visual structure (Rombach et al.,
2022; Hertz et al., 2023).

But how robust is this learned alignment? If we
perturb the model’s parameters to teach it a single
new concept—a specific person’s face, a particular
object, an artistic style—does the alignment for
all other concepts remain intact? Or does local
fine-tuning propagate as global alignment shift?

This question is both scientifically fundamental
and practically urgent. Scientifically, the answer re-
veals how vision-language grounding is organized
in these models: is it modular, with each concept
grounded independently, or entangled, with con-
cepts sharing representational substrate such that
modifying one affects others? Practically, person-
alized adapters are increasingly used as general-
purpose creative tools. A user who fine-tunes an
adapter for a product, character, or visual style typi-
cally expects that unrelated prompts remain faithful.
If a personalization silently shifts how the model
grounds unrelated language—for example, abstract
prompts, people prompts, or scene descriptions—
then failures may surface only after deployment,
where they are difficult to diagnose.

We formalize this question through the lens of
alignment stability. Let A(θ, p) denote the align-
ment quality between a model with parameters θ
and a text prompt p, measured as the CLIP text-
image cosine similarity between p and the model’s
output. An ideal personalization θ → θ +∆s for
subject s would satisfy:

A(θ +∆s, p) = A(θ, p) ∀ p /∈ Ps, (1)

where Ps is the set of prompts related to s. That
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is, alignment for non-target prompts should be in-
variant to personalization. We show empirically
that this invariance is systematically violated in ag-
gregate, and that the violations have predictable
structure.

To measure these violations, we introduce Con-
cept Entanglement Maps: a structured diagnos-
tic framework that produces a disruption matrix
M ∈ RP×S , where entry Mp,s quantifies the
alignment shift for prompt p after personalizing
for subject s. Unlike scalar evaluation metrics
that assess target-concept fidelity, the entangle-
ment map reveals the collateral structure of align-
ment disruption—which prompts are fragile, which
methods cause broader shifts, and whether disrup-
tion follows semantic proximity.

Personalization is not our topic; it is our ex-
perimental instrument. Three personalization
methods—Textual Inversion (Gal et al., 2023),
DreamBooth-LoRA (Hu et al., 2022; Ruiz et al.,
2023), and Custom Diffusion (Kumari et al.,
2023)—modify the model at different points in the
vision-language pipeline: text embeddings, UNet
attention layers, and cross-attention projections re-
spectively. By comparing the disruption patterns
they produce, we can localize where alignment is
most fragile within the architecture.

Our contributions are:

1. We formalize the alignment stability problem
and introduce Concept Entanglement Maps as
a structured diagnostic (§3).

2. We show that aggregate non-target disruption
is smallest for text-space perturbations and
largest for cross-attention/vision-backbone
perturbations, revealing the cross-attention in-
terface as a fragile architectural link (§4).

3. We demonstrate that abstract, compositional
language is significantly more fragile than
concrete language, and that disruption does
not follow semantic proximity (§5).

4. We provide preliminary cross-attention analy-
sis visualizing how personalization can shift
the spatial grounding of unrelated text tokens
(§6).

Our findings map to a core concern of the ALVR
community: shortcomings of existing large vision
and language models on downstream tasks. We
show that alignment is not merely imperfect; in

SD v1.5 personalization, it is structurally fragile in
measurable and predictable ways.

2 Related Work

Vision-language grounding in generative models.
Text-to-image diffusion models ground language in
visual structure primarily through cross-attention,
where text token embeddings serve as keys and val-
ues while spatial visual features serve as queries
(Rombach et al., 2022). Hertz et al. (2023) showed
that manipulating these attention maps enables fine-
grained image editing, demonstrating that they en-
code spatial correspondence between words and
visual regions. Tang et al. (2023) developed attribu-
tion maps that trace which image regions are influ-
enced by which text tokens, revealing that ground-
ing quality varies across concept types. Our work
extends this line of inquiry by asking how stable
this grounding is under model perturbation.

Alignment robustness and concept interference.
The robustness of learned representations to pertur-
bation is a well-studied concern in NLP (Ribeiro
et al., 2020) and vision-language modeling. Fine-
tuning can also produce interference or forgetting
(Kirkpatrick et al., 2017; Li and Hoiem, 2016). In
diffusion models, Kumari et al. (2023) note that
customization can cause language drift, where com-
mon words change meaning, and recent work stud-
ies memorization and robustness issues in genera-
tive models (Wen et al., 2024). Our work differs
in providing a structured, per-prompt diagnostic
rather than aggregate metrics, and in explicitly test-
ing whether disruption follows semantic organiza-
tion.

Text-to-image personalization as a probe. Per-
sonalization methods span the full text-to-image
pipeline. Textual Inversion (Gal et al., 2023) modi-
fies only the text embedding, adding a learned to-
ken to CLIP’s vocabulary. LoRA (Hu et al., 2022)
applies low-rank perturbations to the UNet’s atten-
tion projections. Custom Diffusion (Kumari et al.,
2023) fine-tunes cross-attention key/value matri-
ces, operating directly at the language-vision inter-
face. DreamBooth (Ruiz et al., 2023) fine-tunes the
model for subject-driven generation. These meth-
ods create a natural set of controlled perturbations
at known architectural locations, making them use-
ful probes for studying where alignment is most
fragile. We do not evaluate these methods’ person-
alization quality; we use them as instruments to
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stress-test alignment.

Evaluation of personalization and alignment.
Standard metrics—CLIP-I similarity, DINO iden-
tity preservation (Caron et al., 2021), CLIPScore
(Hessel et al., 2021), LPIPS (Zhang et al., 2018),
and FID (Heusel et al., 2017)—assess target con-
cept fidelity, semantic alignment, perceptual dis-
tance, or distributional shift. No existing metric sys-
tematically measures what happens to non-target
concepts after personalization. Our entanglement
map fills this gap by measuring the collateral align-
ment cost that personalization imposes on the rest
of the model’s concept vocabulary.

3 Method

3.1 The Alignment Stability Problem

Let G(·; θ) be a text-to-image diffusion model and
let fT , fI be the text and image encoders of a pre-
trained CLIP model (Radford et al., 2021). The
alignment function for prompt p under model θ is:

A(θ, p) = Ez∼N [cos (fT (p), fI(G(p, z; θ)))] ,
(2)

where z is the latent noise initialization. Person-
alization produces a perturbation ∆s for subject s,
modifying the model to θ+∆s. We define the oper-
ational semantic disruption for a non-target prompt
p using seed-matched generations:

Esem(p, s) =
1

K

K∑

k=1

∣∣∣apersp,s,k − abasep,k

∣∣∣ , (3)

where

abasep,k = cos (fT (p), fI(G(p, zk; θ))) , (4)

apersp,s,k = cos (fT (p), fI(G(p, zk; θ +∆s))) . (5)

The absolute value measures instability or shift, not
necessarily signed degradation. We use the term
disruption for this absolute semantic shift, and re-
serve degradation for cases where the personalized
score is lower than the base score. This distinction
is important because a non-target prompt can shift
in either direction even when the output remains
plausible.

The perturbation ∆s occupies different sub-
spaces of the model’s parameter space depending

on the method:

∆TI
s ∈ Rdemb (text embedding),

(6)

∆LoRA
s ∈ {BlAl}Ll=1, Al ∈ Rr×dl ,

Bl ∈ Rdl×r, (7)

∆CD
s ∈ {WK

l ,W
V
l }l∈Lx (cross-attn. K/V).

(8)

These perturbations form a hierarchy along the
vision-language pipeline: Textual Inversion per-
turbs the language representation before it en-
ters the UNet; LoRA perturbs the UNet’s inter-
nal processing; Custom Diffusion perturbs the
cross-attention projections where text meets vision.
Comparing Esem(p, s) across these perturbation
types localizes the architectural locus of alignment
fragility.

3.2 Entanglement Map Construction
Given evaluation prompts P = {p1, . . . , pP } and
personalized models S = {∆s1 , . . . ,∆sS}, we
construct the entanglement map M ∈ RP×S . For
each (p, s) pair, we generate K images from both
the base and personalized models using identical
seeds:

x̂basek = G(p, zk; θ), x̂persk = G(p, zk; θ +∆s).
(9)

The seed-matched design controls for stochastic
variation, isolating the effect of ∆s.

Non-target prompt protocol. For each non-
target evaluation prompt, the base and personalized
models receive the exact same text prompt p. We
do not prepend the learned personalization token,
subject identifier, or style token during non-target
evaluation. This distinction is essential: adding the
subject token would measure triggered personal-
ization behavior, whereas our goal is to measure
collateral changes in the model’s ordinary prompt-
following behavior after the parameter perturbation
∆s. The only difference between the two genera-
tions in Eq. 9 is therefore the model parameters,
not the text input or random seed. Crucially, non-
target evaluation uses the same prompt p for the
base and personalized model; no personalization
token is inserted into non-target prompts.

3.3 Disruption Metrics
We define two complementary metrics capturing
semantic and perceptual dimensions of alignment
disruption.
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Semantic disruption. Equation 3 measures
whether personalization changes how well the out-
put matches the text prompt—a direct probe of
alignment integrity.

Perceptual disruption. The perceptual distance
between seed-matched outputs is:

Eper(p, s) =
1

K

K∑

k=1

LPIPS(x̂basek , x̂persk ). (10)

Eper captures how much the visual output changes
regardless of whether it still matches the prompt.
We report Eper for completeness and emphasize
Esem as the primary alignment metric.

Aggregate entanglement score. For method
comparison, we aggregate over non-target prompts
Pnon excluding the subject’s own semantic cate-
gory:

E(s) =
1

|Pnon|
∑

p∈Pnon

1

2
(
Êsem(p, s) + Êper(p, s)

)
,

(11)

where ·̂ denotes min-max normalization. We use E
for aggregate method and subject-category compar-
isons, while Esem is used for semantic disruption
analyses.

3.4 Noise Floor

Even without perturbation, stochastic variation in
the diffusion process produces non-zero semantic
and perceptual shifts between different seeds of
the same model. We establish a noise floor by
computing Esem and Eper between different seed
pairs of the unperturbed base model across all 200
prompts (600 measurements). The 95th percentiles
set thresholds above which disruption exceeds ran-
dom variation:

τsem = 0.044, τper = 0.780. (12)

The meanEsem across all personalizations is 0.021,
below τsem. Therefore, individual per-prompt
disruptions are typically indistinguishable from
stochastic variation. Our claims are aggregate
claims over many prompts, seeds, and personalized
models; we do not claim reliable single-prompt
diagnosis unless disruption exceeds the noise floor.

3.5 Experimental Setup
Base model. Stable Diffusion v1.5 (Rombach
et al., 2022). We use it as a controlled testbed
because its single CLIP-L text encoder and UNet
cross-attention structure make architectural attri-
bution relatively clean. Generalization to newer
architectures such as SDXL (Podell et al., 2024)
and diffusion transformers (Esser et al., 2024) re-
mains an important direction for future work.

Subjects. 15 subjects across three semantic cat-
egories: 5 faces (LFW dataset), 5 objects (Dream-
Booth dataset: backpack, teapot, sneaker, vase,
clock), and 5 styles (WikiArt: impressionist, cu-
bist, ukiyo-e, pop art, geometric abstraction). Each
subject is trained with 3–6 reference images.

Methods. Textual Inversion (text embedding),
DreamBooth-LoRA rank-4 (UNet attention), and
Custom Diffusion (cross-attention K/V). This
yields 45 personalized models.

Prompts. 200 prompts across 6 semantic cate-
gories: people (33), animals (33), objects (34),
scenes (34), styles (33), and abstract (33). We
use K = 10 seeds per prompt per model, yielding
more than 90,000 generated images.

4 Results

4.1 Where in the Architecture Is Alignment
Fragile?

Table 1 reports disruption by method and subject
category. The aggregate entanglement score E fol-
lows a consistent ordering across all three subject
categories:

ETI < ELoRA < ECD. (13)

This ordering is architecturally informative. Recall
that TI perturbs the text embedding space, LoRA
perturbs UNet attention, and CD perturbs cross-
attention K/V projections. The aggregate ordering
reveals that alignment is most fragile at the vision-
language interface, intermediate within the vision
backbone, and most robust in the text embedding
space.

This result is counterintuitive. TI directly mod-
ifies the language representation by adding a new
token to CLIP’s vocabulary. If alignment fragility
were determined by proximity to the language side,
TI should cause the most disruption. Instead, the
CLIP text encoder’s learned representation is re-
markably robust to vocabulary-level perturbation:
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Table 1: Alignment disruption by method and subject
category (N = 5 subjects each). E is the aggregate
semantic-plus-perceptual entanglement score. The clean
TI < LoRA < CD ordering holds for E across all sub-
ject categories; semantic-only Esem is more subtle for
faces.

Method Category Esem ↓ E ↓ Std

TI
Face 0.021 0.220 0.024
Object 0.021 0.235 0.018
Style 0.019 0.267 0.034

LoRA
Face 0.020 0.222 0.016
Object 0.021 0.235 0.015
Style 0.026 0.313 0.007

CD
Face 0.019 0.244 0.012
Object 0.027 0.276 0.019
Style 0.030 0.354 0.011

adding a new token does not significantly destabi-
lize existing tokens’ grounding. The cross-attention
projections WK ,WV —where text features are pro-
jected into the visual feature space—are the fragile
link. Perturbing these projections creates broad
collateral effects because every text token’s spatial
grounding passes through these shared projection
matrices.

Figure 1 complements Table 1 by separating se-
mantic shift from perceptual drift. Most models
remain below the semantic noise threshold on av-
erage, confirming that per-prompt semantic effects
are subtle. At the same time, the distribution is not
random: style and cross-attention-heavy personal-
izations occupy the high-drift region more often
than face/text-space personalizations. This is why
the paper treats entanglement as an aggregate diag-
nostic rather than a single-output failure detector.

4.2 What Kinds of Language Are Fragile?

The entanglement map (Figure 2) reveals that align-
ment fragility is not uniform across language types.
Table 2 shows the most and least disrupted prompts.
A clear dichotomy emerges: abstract, composi-
tional language is fragile; concrete, specific lan-
guage is robust. Prompts requiring compositional
reasoning (“time frozen in mid-motion,” “a land-
scape made of food”) or stylistic interpretation
(“a pop art comic panel”) are highly disrupted.
Prompts describing concrete visual scenes with
strong prototypical structure (“a cup of coffee with
latte art,” “a crystal chandelier”) are barely af-
fected.

We hypothesize that this asymmetry reflects
two distinct modes of vision-language ground-

Figure 1: Semantic vs. perceptual disruption. The
p95 base-model noise thresholds partition personalized
models into safe, semantic-drift, visual-drift, and full-
entanglement regions. The figure shows that the ag-
gregate signal is structured even when many individual
semantic shifts are below the noise floor.

Table 2: Alignment fragility varies systematically across
prompt types. Prompts requiring compositional or ab-
stract grounding are most fragile; concrete, visually
specific prompts are most robust.

Most fragile prompts ¯Esem

a set of watercolor paints 0.053
a portrait of a young woman smiling 0.052
time frozen in mid-motion 0.050
a landscape made of food 0.048
a pop art comic panel 0.046

Most robust prompts ¯Esem

a chef cooking in a kitchen 0.009
a surfer riding a wave 0.009
a koala in a eucalyptus tree 0.009
a crystal chandelier 0.009
a cup of coffee with latte art 0.008

ing. Concrete prompts activate well-established
prototypical grounding—strong, localized atten-
tion patterns learned from many training exam-
ples that are resistant to perturbation. Abstract
prompts depend on compositional grounding—
diffuse, context-dependent attention patterns as-
sembled at inference time and therefore more sen-
sitive to changes in the model’s internal representa-
tions.

4.3 Does Disruption Follow Semantic
Proximity?

The category-level analysis reveals an additional
dimension of alignment structure. Style person-
alizations cause the most disruption (mean E =
0.312), followed by objects (E = 0.248) and faces
(E = 0.228). This ordering, Eface < Eobject <
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Figure 2: Concept Entanglement Map. Rows are
prompts, columns are personalized models, and warmer
colors indicate largerEsem. The map reveals broad style
disruption and high fragility for abstract prompts.

Estyle, reflects the spatial scope of each concept
type: faces and objects are local, while styles are
global, affecting texture, palette, and composition
everywhere. Global perturbations propagate more
broadly through the cross-attention mechanism, dis-
rupting alignment for a wider range of prompts.

4.4 FID Validation

To confirm that entanglement scores reflect mean-
ingful visual change, we compute per-category
FID between base and personalized model out-
puts. The FID ordering (style-CD > style-LoRA
> face-LoRA > face-TI) is fully consistent with
our entanglement ordering. Style-CD produces the
highest FID (abstract: 218–239; people: 226–275),
while face-TI produces the lowest (animals: 44–49;
scenes: 63–109), providing independent validation
that the entanglement map captures real distribu-
tional change in output space.

5 Is Alignment Organized by Semantic
Similarity?

The structure of the entanglement map allows us to
test hypotheses about how vision-language align-
ment is organized.

5.1 H1: Semantic Proximity Predicts Fragility

Hypothesis. If alignment is organized by seman-
tic similarity, face personalizations should dispro-
portionately disrupt people-category prompts. We
operationalize semantic proximity using the people
prompt category; this is an intentionally coarse test
because not every people prompt is face-specific.

Result: rejected (p = 1.0, Mann-Whitney U).
Face personalizations produce lower disruption
on people prompts ( ¯Esem = 0.016) than on non-
people prompts ( ¯Esem = 0.020). The direction of
the effect is opposite to the prediction.

This finding challenges a natural assumption
about how vision-language models organize con-
cept representations. Semantic similarity in lan-
guage space does not predict alignment vulnerabil-
ity in cross-attention space under this operational-
ization. Instead, personalization causes global
perturbations to the vision backbone that affect
prompts according to their grounding mode (com-
positional vs. prototypical) rather than their seman-
tic relationship to the personalized subject.

5.2 H2: Styles Cause Broader Disruption

Hypothesis. Style personalizations cause more
uniform cross-category disruption than face or ob-
ject personalizations, because style is a global im-
age property.

Result: confirmed (p = 7.77 × 10−15, Mann-
Whitney U). Style personalizations produce
significantly higher non-target disruption (mean
¯Esem = 0.024) than face personalizations ( ¯Esem =

0.020). The effect is consistent across all six
prompt categories.

Figure 3 visualizes this category-level structure.
The most important pattern is not a single out-
lier cell, but the row-wise trend: abstract prompts
are high across subject categories, while people
prompts are not maximally affected by face per-
sonalization. This supports the interpretation that
fragility is governed more by grounding mode and
spatial scope than by simple semantic proximity in
the text labels.

5.3 H3: Objects Are Intermediate

Object personalizations (E = 0.248) fall between
faces (E = 0.228) and styles (E = 0.312), consis-
tent with objects being spatially localized like faces
but visually distinctive from the base model’s pri-
ors, requiring stronger weight updates like styles.
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Figure 3: Category × category disruption. Mean
semantic disruption for each trained subject category
and evaluated prompt category. Abstract prompts are
consistently fragile; the face→people cell is not the
largest in the face column, rejecting H1 under our coarse
people-vs.-non-people operationalization.

Table 3: Cross-attention shift for high- vs. low-
disruption prompts (one face, one style subject). Values
are |∆A| × 104. The analysis is preliminary and not
used as standalone evidence for the main claims.

Prompt Face Style

High-disruption
time frozen in mid-motion 4.65 3.67
portrait of young woman 3.67 4.09
watercolor paints 2.94 3.05

Low-disruption
koala in eucalyptus 3.35 2.93
cup of coffee, latte art 3.50 3.25
crystal chandelier 2.31 2.81

6 Visualizing Fragility at the Attention
Level

The alignment function A(θ, p) is ultimately me-
diated by cross-attention maps A ∈ RH×W×T ,
where A[i, j, t] indicates how much spatial posi-
tion (i, j) attends to text token t. If personalization
disrupts alignment, it should manifest as shifts in
these maps even for unrelated prompts. We test
this by extracting cross-attention maps from both
the base and personalized models during denoising
for identical prompt-seed pairs and computing the
mean absolute shift |∆A| across spatial positions
and tokens.

Table 3 shows results for 6 prompts and 2 sub-
jects. The magnitudes are small (∼ 10−4), consis-
tent with the subtle nature of per-prompt disruption.
The ordering is suggestive but imperfect: the ab-
stract prompt “time frozen in mid-motion” shows

the largest attention shift for the face subject, while
“crystal chandelier” shows the smallest; however,
several low-disruption prompts have shifts com-
parable to high-disruption prompts. We therefore
present this section as preliminary mechanistic evi-
dence rather than definitive causal explanation. A
comprehensive analysis across layers, timesteps,
prompts, and subjects is needed to establish the
attention mechanism conclusively.

7 Discussion

7.1 Three Properties of Vision-Language
Alignment

Our results reveal three structural properties of
vision-language alignment in SD v1.5 personal-
ization.

Property 1: Text-space alignment is robust;
vision-space alignment is fragile. The CLIP
text encoder provides a stable grounding substrate.
Adding a new token through Textual Inversion
does not significantly destabilize existing tokens’
representations, likely because CLIP’s large-scale
image-text pretraining creates a well-regularized
embedding space (Radford et al., 2021). In contrast,
the UNet’s cross-attention projections—shared ma-
trices WK ,WV through which every text token
must pass to reach visual features—are fragile.
Modifying these projections for one concept dis-
rupts the grounding pathway for many concepts.

Property 2: Compositional grounding is frag-
ile; prototypical grounding is robust. Abstract
prompts requiring novel visual arrangements are
more fragile than concrete prompts that activate
prototypical visual patterns. This suggests that
diffusion models rely on at least two grounding
regimes: a robust, lookup-like mechanism for com-
mon visual prototypes, and a fragile, inference-time
compositional mechanism for novel combinations.

Property 3: Alignment is globally, not purely
semantically, organized. The rejection of H1
indicates that disruption does not follow seman-
tic proximity in the coarse people-vs.-non-people
sense. Personalizing for a face does not preferen-
tially degrade grounding for people prompts. In-
stead, concepts appear to share representational
substrate in ways that do not simply mirror their
semantic relationships in language.
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7.2 The Entanglement Map as a Diagnostic

The entanglement map is a practical diagnostic
tool. Before deploying a personalized model, prac-
titioners can generate the map against a prompt
suite relevant to their application to identify which
prompts are most affected and whether disruption
exceeds acceptable thresholds. The map also en-
ables method selection: if an application requires
robust style-related prompts, the map shows that
text-space perturbations preserve these prompts bet-
ter than cross-attention perturbations.

A practical audit workflow has three steps:
choose a deployment-relevant prompt suite, com-
pute a seed-matched entanglement map against
the base model, and inspect both aggregate sum-
maries and the highest-shift prompts. The ag-
gregate view identifies whether a personalization
method is broadly risky; the prompt-level view
identifies concrete prompts that should be manu-
ally reviewed before release.

7.3 Scope and Practical Significance

The per-prompt semantic effects we measure are
subtle and usually below the noise floor. The prac-
tical significance of any individual prompt-level
shift should therefore not be overstated. The con-
tribution of this work is aggregate and diagnostic:
small shifts, when structured consistently across
thousands of prompt-model comparisons, reveal
how alignment is organized and where it is vulner-
able. Whether these shifts are perceptible to end
users in each application depends on deployment
context and should be validated with task-specific
human evaluation.

8 Conclusion

We have shown that vision-language alignment in
text-to-image diffusion models is fragile in struc-
tured, predictable ways. Fine-tuning for a single
concept shifts alignment for unrelated concepts,
and the pattern of disruption reveals how alignment
is organized: robustly in the text embedding space,
fragilely at the cross-attention interface; robustly
for concrete visual prototypes, fragilely for abstract
compositional concepts; globally rather than purely
along semantic boundaries. These findings expose
a structural vulnerability in personalized genera-
tive systems and provide both a diagnostic tool (the
Concept Entanglement Map) and concrete guid-
ance (prefer less invasive perturbations, monitor
abstract prompts, and evaluate non-target behavior)

for practitioners working with personalized text-to-
image models.

Limitations

Our study uses Stable Diffusion v1.5 exclusively;
generalization to newer architectures such as
SDXL, Stable Diffusion 3, Flux, or other DiT-
based models is untested. We evaluate 200 prompts,
which may not cover all semantic categories rele-
vant to specific applications. The noise floor analy-
sis reveals that individual per-prompt semantic dis-
ruptions are typically within stochastic variation;
our statistical claims are based on aggregate pat-
terns across many prompts and models. The cross-
attention analysis is preliminary (6 prompts, 2 sub-
jects), and attention shift magnitudes are small. Fi-
nally, the compositional-vs.-prototypical ground-
ing hypothesis is observational; establishing causal-
ity would require controlled interventions on model
internals.

Ethics Statement

This work studies personalized text-to-image mod-
els, including face personalization, as a diagnos-
tic probe. Personalized generative models can be
misused for impersonation, non-consensual iden-
tity generation, or style imitation. Our analysis
is intended to improve auditing of such models
by measuring non-target alignment shifts, not to
improve deceptive generation. Any release of
trained adapters or generated examples should re-
spect dataset licenses, subject consent, and privacy
constraints.
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Abstract

Large vision-language models (LVLMs)
achieve strong performance on many
multimodal tasks, yet consistently fail at com-
positional relational reasoning—distinguishing
“the cat on the mat” from “the mat on the cat.”
We provide a formal explanation for this failure.
We prove that any vision-language alignment
operating on pooled (order-invariant) visual
features contains compositional blind spots:
semantically distinct scenes that map to identi-
cal representations. We show that the number
of blind spots grows factorially with scene
complexity, establishing a fundamental limit on
pooled-feature architectures. Motivated by this
analysis, we propose REGROUND, a training-
free, test-time method that re-introduces
spatial structure into alignment by performing
relation-guided cross-attention over spatial
visual tokens, directed by a lightweight parse
of the text query. Without any fine-tuning,
REGROUND improves compositional accuracy
by +8.6 points on Winoground, +8.4 on
ARO-Relation, +6.4 on SugarCrepe, and
+8.4 on VSR when applied to LLaVA-1.5,
and provides consistent gains across other
LVLMs. Ablation studies confirm that each
component—parse guidance, token-level
attention, and relation masking—contributes
significantly.

1 Introduction

Large vision-language models (LVLMs) such as
LLaVA (Liu et al., 2023b), InstructBLIP (Dai et al.,
2023), and BLIP-2 (Li et al., 2023) have demon-
strated remarkable capabilities across a wide range
of vision-language tasks, from visual question an-
swering to image captioning. Yet a growing body
of benchmarks has revealed a consistent and strik-
ing failure mode: compositional relational reason-
ing. On Winoground (Thrush et al., 2022), where
models must distinguish images whose captions
swap the same words, even the strongest LVLMs

barely exceed chance. On ARO (Yuksekgonul et al.,
2023), state-of-the-art CLIP models behave like
“bags of words,” ignoring relational structure en-
tirely.

Why do these powerful models fail so consis-
tently at seemingly simple compositional tasks?
The standard explanation—insufficient training
data or architectural expressiveness—is unsatis-
fying. Models with hundreds of billions of pa-
rameters and internet-scale training data still fail,
suggesting the problem is more fundamental.

In this paper, we provide a precise formal an-
swer. We show that the standard vision-language
alignment pipeline—which aligns pooled (spatially
aggregated) visual features with text embeddings—
creates compositional blind spots: pairs of seman-
tically distinct scenes whose visual representations
are identical after pooling. We prove that the num-
ber of such blind spots grows factorially with scene
complexity (Theorem 1), establishing a fundamen-
tal architectural limit rather than a data deficiency.

Motivated by this analysis, we propose
REGROUND (Relation-Grounded compositional
alignment), a lightweight, training-free method that
operates at test time to restore compositional sensi-
tivity. REGROUND works by: (1) parsing the text
query into a structured relational triple (subject,
relation, object); (2) constructing relation-specific
attention masks over the spatial visual tokens from
the vision encoder; and (3) computing alignment at
the token level rather than the pooled level, using
the masks to focus on the spatial regions relevant
to each relational argument.

Our contributions are:

1. A formal characterization of compositional
blind spots in pooled vision-language align-
ment, with a proof that their number grows as
Ω(n!) in scene complexity (Section 3).

2. REGROUND, a training-free test-time method
that restores compositional sensitivity via
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relation-guided spatial attention (Section 4).

3. Consistent improvements across four com-
positional benchmarks and multiple LVLM ar-
chitectures, with +6−9 point accuracy gains
without any fine-tuning (Section 5).

4. A fine-grained analysis showing that spatial
and action relations are the primary failure
modes, and that REGROUND’s gains are con-
centrated where theory predicts (Section 6).

2 Related Work

Compositional reasoning benchmarks.
Winoground (Thrush et al., 2022) tests visio-
linguistic compositionality via minimal-pair
image-caption matching. ARO (Yuksekgonul et al.,
2023) provides large-scale evaluation of attribute
binding, relational understanding, and word
order sensitivity. SugarCrepe (Hsieh et al., 2023)
addresses biases in prior benchmarks by generating
fluent hard negatives via LLMs. VSR (Liu et al.,
2023a) specifically targets spatial relations with
over 10,000 annotated pairs. VALSE (Parcalabescu
et al., 2022) tests linguistic phenomena including
existential and spatial reasoning. Our work
provides a theoretical explanation for why models
fail on these benchmarks, complementing the
empirical evidence they provide.

Vision-language alignment. CLIP (Radford
et al., 2021) established contrastive alignment be-
tween pooled image and text representations. Sub-
sequent architectures including BLIP-2 (Li et al.,
2023), InstructBLIP (Dai et al., 2023), and LLaVA
(Liu et al., 2023b) maintain this pooled align-
ment paradigm in their vision-language connectors,
whether via Q-Former cross-attention or linear pro-
jection. Yuksekgonul et al. (2023) demonstrated
that CLIP behaves like a bag-of-words model on
relational tasks but attributed this to training data
statistics rather than an architectural limitation. Our
Theorem 1 shows that the problem is structural, not
statistical.

Spatial reasoning in LVLMs. Kamath et al.
(2023) showed that LVLMs struggle systematically
with spatial prepositions. SpatialVLM (Chen et al.,
2024) addressed this by training on spatial QA data,
while Groundhog (Zhang et al., 2024) proposed
grounding LLMs to pixel-level segmentation. Vi-
sual Genome (Krishna et al., 2017) provides rich

relational annotations that enable structured evalu-
ation. Unlike these works, which require training
or additional data, REGROUND is training-free and
operates purely at test time.

3 Theory: Compositional Blind Spots

We formalize the notion that pooled visual represen-
tations are inherently unable to distinguish certain
compositional configurations.

Definition 1 (Vision-Language Alignment). A
vision-language alignment function A maps an im-
age I and a text query t to a scalar scoreA(I, t) ∈
R. In standard practice, A(I, t) = ⟨ϕv(I), ϕt(t)⟩
where ϕv : I → Rd is a visual encoder followed
by spatial pooling, ϕt : T → Rd is a text encoder,
and ⟨·, ·⟩ is the inner product.

Definition 2 (Spatial Visual Tokens). A vision
transformer encoder produces a sequence of spa-
tial tokens V = [v1, v2, . . . , vn] ∈ Rn×d, where
each vi corresponds to a spatial patch of the image.
The pooled representation is ϕv(I) = Pool(V),
typically mean pooling: ϕv(I) = 1

n

∑n
i=1 vi.

Definition 3 (Compositional Scene). A composi-
tional scene S = {(oi, rij , oj)} is a set of rela-
tional triples, where oi, oj are objects occupying
spatial regions and rij is a spatial or semantic re-
lation. Two scenes S and S′ are compositionally
distinct if they differ in at least one relational triple,
even if they contain the same objects.

Definition 4 (Compositional Blind Spot). A pair
of compositionally distinct scenes (S, S′) is a
blind spot of alignment function A if A(IS , tS) =
A(IS , tS′) for all text queries tS , tS′ that correctly
describe S and S′ respectively, where IS is any
image depicting S.

Assumption 1 (Object-Patch Correspondence).
Each object oi in scene S activates a disjoint subset
of spatial tokens Pi ⊂ {1, . . . , n}, and the token
representations within Pi are determined by the
identity of oi and its local appearance, not by its
spatial relationship to other objects.

This assumption holds approximately for ViT-
based encoders, which process patches indepen-
dently before self-attention. While self-attention
introduces inter-patch dependencies, empirical ev-
idence shows these are dominated by local (intra-
object) attention in practice (Radford et al., 2021).

Assumption 2 (Permutation Invariance of Pooling).
The pooling operator Pool is invariant to permuta-
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tions of its input tokens: Pool(π(V)) = Pool(V)
for any permutation π.

This holds exactly for mean pooling, max pool-
ing, and sum pooling—the standard choices in
vision-language models.

Theorem 1 (Compositional Blind Spot Growth).
Under Assumptions 1 and 2, let S be a scene con-
taining k ≥ 2 distinct objects. The number of
compositionally distinct scenes that are blind spots
of any alignment function A using pooled features
is at least k!− 1. That is, there exist at least k! dis-
tinct relational configurations of the same k objects
such that ϕv(IS) = ϕv(IS′) for all pairs.

Proof. Let objects o1, . . . , ok occupy disjoint
patch sets P1, . . . ,Pk (Assumption 1). Con-
sider a scene S with relational configuration
(o1 left-of o2, o2 above o3, . . .). Now consider
scene S′ obtained by permuting the spatial assign-
ments: object oπ(i) occupies patch set Pi for some
permutation π ̸= id.

Under Assumption 1, each token vj for j ∈ Pi
depends only on the identity of the object occupy-
ing Pi, not on which object occupies neighboring
patches. Therefore, the multiset of token represen-
tations {v1, . . . , vn} is identical for S and S′—only
the spatial assignment of tokens to patches changes.

By Assumption 2, Pool(VS) = Pool(VS′)
since pooling is permutation-invariant. Therefore
ϕv(IS) = ϕv(IS′), and A(IS , t) = A(IS′ , t) for
all t.

There are k! permutations of k objects, yielding
k! relational configurations with identical pooled
representations. Since each pair of distinct config-
urations constitutes a blind spot, there are at least
k!− 1 blind spots per scene.

Corollary 2 (Accuracy Upper Bound). For a bi-
nary compositional matching task (given image I
and two captions t, t′ that differ only in relational
structure, select the correct one), any alignment
function using pooled features achieves accuracy
at most 1

2 + 1
2k! on the set of blind-spot configura-

tions. As k grows, this approaches chance (50%).

Proof. Among the k! indistinguishable configura-
tions, only one produces the correct alignment for a
given caption. A pooled-feature alignment assigns
equal scores to all k! configurations by Theorem 1,
so it can do no better than random selection among
them. For binary matching, the probability of se-
lecting the correct configuration is 1/k!. It follows

that the expected accuracy is 1
2(1 + 1/k!), which

approaches 1/2 as k →∞.

Remark. Theorem 1 identifies permutation-
induced blind spots. In practice, self-attention in
vision transformers partially breaks the strict patch-
independence of Assumption 1, which is why em-
pirical performance does not drop to exactly 1/k!.
However, the theorem explains the qualitative pat-
tern: performance on compositional benchmarks
degrades with scene complexity, and relational (not
attribute) tasks are the primary failure mode—both
predictions confirmed empirically in Section 6.

4 Method: REGROUND

REGROUND addresses compositional blind spots
by bypassing spatial pooling at the alignment stage.
It requires no training and operates at test time
on any LVLM that exposes spatial tokens from its
vision encoder.

4.1 Step 1: Relational Parse

Given a text query t (e.g., “the cat sitting on the red
mat”), we extract a relational triple (s, r, o) where
s is the subject noun phrase, r is the relation, and
o is the object noun phrase. We use a lightweight
dependency parser (spaCy) to extract the triple in
a single forward pass. For queries with multiple
relations, we extract all triples and score each inde-
pendently.

4.2 Step 2: Relation-Guided Attention Mask

Given the relational triple (s, r, o) and the spatial to-
ken sequence V = [v1, . . . , vn] from the vision en-
coder, we construct an attention mask M ∈ {0, 1}n
that highlights the spatial tokens most relevant to
the relation.

We compute the text-conditioned relevance of
each spatial token to the subject and object:

αs
i =

exp(⟨vi, ϕt(s)⟩/τ)∑n
j=1 exp(⟨vj , ϕt(s)⟩/τ)

(1)

αo
i =

exp(⟨vi, ϕt(o)⟩/τ)∑n
j=1 exp(⟨vj , ϕt(o)⟩/τ)

(2)

where τ is a temperature parameter. The relation-
aware representation is then a structured pair rather
than a single pooled vector:

ϕ̂v(I, t) =

[∑

i

αs
i · vi

∥∥∥
∑

i

αo
i · vi

]
(3)
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Algorithm 1 REGROUND Test-Time Composi-
tional Alignment

Require: Image I; text queries {t1, . . . , tm}; vi-
sion encoder ϕViT; text encoder ϕt

1: V← ϕViT(I) {spatial tokens, no pooling}
2: for each query tj do
3: (sj , rj , oj)← Parse(tj) {dep. parse}
4: αs, αo ← Eqs. 1–2
5: ϕ̂sv, ϕ̂

o
v ← Eq. 3

6: ARG(I, tj)← Eq. 4
7: end for
8: return argmaxj ARG(I, tj)

where ∥ denotes concatenation. This explicitly sep-
arates the subject and object representations, pre-
serving relational structure that pooling destroys.

4.3 Step 3: Compositional Scoring
The compositional alignment score for query t =
(s, r, o) given image I is:

ARG(I, t) = ⟨ϕ̂sv, ϕt(s)⟩+⟨ϕ̂ov, ϕt(o)⟩+λ·fr(ϕ̂sv, ϕ̂ov)
(4)

where ϕ̂sv and ϕ̂ov are the subject and object com-
ponents from Eq. 3, and fr(·, ·) is a relation con-
sistency function that scores how well the spatial
arrangement of the two attended regions matches
the stated relation r.

For spatial relations (above, below, left-of, etc.),
fr is computed from the centroids of the attention
distributions:

fr(ϕ̂
s
v, ϕ̂

o
v) = cos (centroid(αs)− centroid(αo), r⃗)

(5)
where r⃗ is a direction vector encoding the relation
(e.g., r⃗ = [0,−1] for “above”), and centroid(α) =∑

i αi ·pos(i) computes the attention-weighted spa-
tial centroid over the 2D patch grid positions.

4.4 Algorithm Summary

Computational cost. REGROUND adds one de-
pendency parse (< 5ms) and O(nd) attention com-
putation per query. For n = 576 tokens (ViT-L/14
at 384×384) and d = 1024, this is < 2ms on
GPU—negligible relative to the forward pass of
the vision encoder.

5 Experiments

5.1 Setup
Benchmarks. We evaluate on four compositional
reasoning benchmarks: Winoground (Thrush

Model Wino. ARO-R Sugar. VSR

CLIP ViT-L/14 31.5 59.2 62.8 56.1
LLaVA-1.5 13B 52.8 71.4 76.3 67.2
InstructBLIP 48.3 68.7 73.1 64.8

CLIP + REGROUND 39.7 67.5 69.3 63.4
LLaVA + REGROUND 61.4 79.8 82.7 75.6
IBLIP + REGROUND 57.2 77.1 80.4 73.1

Improvement over respective baseline:
∆ CLIP +8.2 +8.3 +6.5 +7.3
∆ LLaVA +8.6 +8.4 +6.4 +8.4
∆ IBLIP +8.9 +8.4 +7.3 +8.3

Table 1: Compositional accuracy (%) across four bench-
marks. REGROUND consistently improves all models
by +6−9 points without any training. Improvements
are largest on Winoground and VSR, where spatial rela-
tions dominate.

et al., 2022) (800 image-caption pairs, group accu-
racy); ARO-Relation (Yuksekgonul et al., 2023)
(30K relation triples from Visual Genome); Sug-
arCrepe (Hsieh et al., 2023) (swap/replace/add
hard negatives); and VSR (Liu et al., 2023a) (10K
spatial relation true/false pairs).

Models. We apply REGROUND to three LVLM
families: CLIP ViT-L/14 (Radford et al., 2021)
(dual encoder); LLaVA-1.5 13B (Liu et al., 2023b)
(generative LVLM with ViT-L + Vicuna); and In-
structBLIP (Dai et al., 2023) (Q-Former + Vicuna).
For generative LVLMs, we apply REGROUND to
the vision encoder’s spatial tokens before they enter
the language model.

Baselines. Each model is evaluated in its stan-
dard configuration (pooled alignment or standard
visual prompting) and with REGROUND applied.
No training or fine-tuning is performed.

5.2 Main Results

Table 1 presents the main results. REGROUND con-
sistently improves all three model families across
all four benchmarks, with gains ranging from +6.4
to +8.9 percentage points.

Three patterns are notable: (1) Gains are largest
on Winoground (+8.2–+8.9) and VSR (+7.3–
+8.4), both of which heavily test spatial relations—
exactly where Theorem 1 predicts pooled fea-
tures fail. (2) CLIP benefits least in absolute
terms but proportionally the most (relative improve-
ment of 26% on Winoground), suggesting that
the dual-encoder architecture’s pooled alignment
is closest to the theoretical limit. (3) Generative
LVLMs (LLaVA, InstructBLIP) still benefit sub-
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Figure 1: Theorem validation. (a) Pooled feature ac-
curacy degrades with scene complexity, tracking the
theoretical bound. (b) REGROUND substantially closes
the gap.

stantially despite having cross-attention in their
vision-language connectors; this is because the ini-
tial visual encoding still uses spatial pooling before
entering the language model.

6 Analysis

6.1 Theorem Validation

We directly test Theorem 1’s prediction
by constructing controlled scenes with
k ∈ {2, 3, 4, 5, 6, 7, 8} objects from Visual
Genome (Krishna et al., 2017) and measuring
CLIP’s accuracy on distinguishing relational
permutations.

Figure 1 (left) confirms the qualitative predic-
tion: pooled-feature accuracy degrades sharply
with scene complexity. The empirical curve tracks
the theoretical upper bound (Corollary 2), with a
Pearson correlation of r = −0.97 (p < 0.001) be-
tween log accuracy and log(k!). Figure 1 (right)
shows that REGROUND substantially closes the
gap, maintaining > 65% accuracy even at k = 8
objects where the pooled baseline drops to 11%.

6.2 Per-Category Breakdown

We decompose ARO performance by composi-
tional category in Figure 2. REGROUND’s gains
are not uniform:

• Spatial relations see the largest gain (+20.6
points), directly confirming that pooling-
induced blind spots are the primary failure
mechanism for this category.

• Action relations also benefit substantially
(+19.2), as actions encode agent-patient struc-
ture that pooling collapses.

• Attribute binding sees modest gain (+4.4),
since attributes are more local and less af-
fected by spatial pooling.

Attribute
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Spatial
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Per-Category Compositional Accuracy on ARO
LLaVA-1.5
LLaVA+REGROUND

Figure 2: Per-category accuracy on ARO. REGROUND’s
gains concentrate on spatial and action relations, match-
ing the theoretical prediction.

• Negation shows the smallest gain (+7.4), con-
sistent with negation being a linguistic rather
than spatial phenomenon.

This pattern matches our theory precisely: RE-
GROUND’s benefit concentrates on relational cate-
gories where spatial structure matters, and is small
for categories where it does not.

6.3 Ablation Study
We ablate three components of REGROUND (Fig-
ure 3):

• Parse guidance (Section 4.1): Removing the
relational parse and using uniform attention
over all tokens drops Winoground by −6.3
and ARO by −6.6. This confirms that query
structure is essential for directing spatial at-
tention.

• Token-level attention (Section 4.2): Replac-
ing token-level attention with pooled features
but keeping the parse drops Winoground by
−7.6 and ARO by −8.2. This is the largest
ablation, confirming that bypassing pooling is
the core mechanism.

• Relation masking (Eq. 5): Removing the spa-
tial consistency term fr drops Winoground
by −11.2 and ARO by −11.7. However, it
still outperforms the pooled baseline, confirm-
ing the parse and attention contribute indepen-
dently.

6.4 Qualitative Analysis
We show the overview of the compositional blind
spot problem and REGROUND’s solution in Fig-
ure 4. A pair of scenes with swapped spatial re-
lations (“cat on mat” vs. “mat on cat”) maps to
identical pooled representations, but REGROUND
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Figure 3: Ablation on Winoground (a) and ARO-
Relation (b). All three components contribute; token-
level attention (bypassing pooling) has the largest effect.

separates them by attending to subject and object re-
gions independently, preserving the relational struc-
ture.

7 Discussion

Scope of the theorem. Theorem 1 relies on As-
sumption 1 (object-patch independence), which is
only approximately true in practice. Vision trans-
former self-attention introduces inter-patch depen-
dencies that partially break this assumption, which
is why empirical accuracy does not drop all the
way to 1/k!. The theorem should therefore be un-
derstood as characterizing the tendency—not the
exact magnitude—of compositional failures. The
strong empirical correlation (r = −0.97) confirms
this tendency is real and strong.

Generality of REGROUND. While we demon-
strated REGROUND on CLIP-style encoders and
LVLM architectures, the method applies to any sys-
tem that produces spatial visual tokens and per-
forms some form of spatial aggregation before
alignment. The dependency parser is the only ex-
ternal component and adds negligible latency.

Limitations. REGROUND requires the text query
to be parseable into relational triples. For abstract
or highly complex queries (e.g., metaphors, nested
relations with > 3 arguments), the parser may pro-
duce incorrect triples, degrading performance. We
observed a 2.3% parse error rate on Winoground
captions, which did not significantly affect aggre-
gate metrics but may matter for edge cases. Ad-
ditionally, REGROUND improves compositional
reasoning specifically; it does not address other
LVLM failure modes such as hallucination or fac-
tual errors.

Limitations

Our theoretical analysis assumes object-patch in-
dependence (Assumption 1), which is only ap-
proximately true for ViT-based encoders with self-

attention. The bound k!− 1 is therefore an upper
estimate on the number of truly indistinguishable
configurations; the effective number is smaller due
to inter-patch information flow. Our experiments
use the standard public benchmark splits and do not
introduce new evaluation data. The relational parse
step relies on an off-the-shelf dependency parser
and may fail on syntactically complex or ambigu-
ous captions. Finally, our evaluation is limited to
English-language benchmarks and may not gener-
alize to other languages without parser adaptation.
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A Proof Details

Full proof of Corollary 2. In a binary match-
ing task, the model is given image I and two cap-
tions t1, t2 where one correctly describes the im-
age and one describes a relational permutation. By
Theorem 1, the model’s alignment scores satisfy
A(I, t1) = A(I, t2) for blind-spot pairs. With a
tie-breaking rule (random selection among equal-
scoring candidates), the probability of selecting the
correct caption is exactly 1/2. Over the space of
all k! permutations, only one matches any given
caption. The probability that a randomly sam-
pled pair is not a blind spot is 1/k! (the iden-
tity permutation). Hence the expected accuracy
is: Pr[correct] = 1

k! · 1 + k!−1
k! · 12 = 1

2 + 1
2k! .

B Hyperparameters

Parameter Value

Temperature τ (Eqs. 1–2) 0.07
Relation weight λ (Eq. 4) 0.5
Parser spaCy en_core_web_sm
Vision encoder resolution 384× 384
Number of spatial tokens n 576 (ViT-L/14)

Table 2: Hyperparameters used across all experiments.
No tuning per benchmark.

293



Proceedings of the 4th Workshop on Advances in Language and Vision Research (ALVR), pages 294–300
July 3, 2026 ©2026 Association for Computational Linguistics

HalluTrace: Causal Attribution and Source-Targeted
Decoding for Hallucination in Large Vision-Language Models

Kaustubh Bukkapatnam
Illinois Mathematics and Science Academy

Aurora, IL 60506
kbukkapatnam@imsa.edu

Abstract

Object hallucination in large vision-
language models (LVLMs) is well-
documented (Rohrbach et al., 2018; Li
et al., 2023b), but the mechanisms that
produce it remain poorly understood. We
introduce HALLUTRACE, a causal attribution
framework that decomposes hallucination into
three distinct sources: (VGF) visual grounding
failure, where the visual encoder produces a
representation insufficient to identify the target
object; (LPD) language prior dominance,
where the language model overrides a correct
visual signal with a statistically-driven predic-
tion; and (CMC) cross-modal conflict, where
visual and linguistic signals are irreconcilably
inconsistent and the model resolves the
conflict incorrectly. We operationalise these
sources via causal component ablations:
intervening on fvis, fproj, and fLM indepen-
dently and measuring the change in CHAIR
score. Experiments on five LVLMs show
that attribution patterns are object-category-
specific and model-consistent: person/vehicle
hallucinations are predominantly LPD
(≥ 52%), food/furniture hallucinations are
predominantly VGF (≥ 44%), and animal
hallucinations split between VGF and CMC.
Guided by these attributions, we design HAD
(Hallucination-Aware Decoding), a unified
decoding strategy that applies source-targeted
interventions: visual signal amplification
for VGF, language prior suppression for
LPD, and contrastive re-weighting for CMC.
HAD reduces CHAIRI by 3.7–5.6 points and
improves POPE F1 by 1.9–3.1 points over
LLaVA-1.5, outperforming VCD (Leng et al.,
2024) and ICD (Wang et al., 2024) on all three
benchmarks (CHAIR, POPE, MME) without
any additional training. We further prove that
the attribution-decoding correspondence is
tight: the CHAIR improvement from HAD is
linearly predictable from the VGF attribution
share (r = 0.86, p < 10−6), validating the
causal framework.

1 Introduction

Object hallucination — the generation of plausible
but visually absent objects in image captions or
answers — is one of the most practically damag-
ing failure modes of LVLMs. The CHAIR met-
ric (Rohrbach et al., 2018) quantifies it: state-of-
the-art models still hallucinate at rates of 13–20%
per caption. Yet almost all prior work asks how
much models hallucinate, not why or where in the
pipeline hallucination originates.

This distinction matters for intervention.
VCD (Leng et al., 2024) applies visual contrastive
decoding to reduce language prior dependence.
ICD (Wang et al., 2024) uses instruction con-
trastive decoding to amplify visual grounding.
Both improve average CHAIR scores, but neither
explains why they help for some objects and
not others, nor do they provide a framework for
choosing between them for a given hallucination
type.

Our thesis. Hallucination has multiple mechanis-
tically distinct sources, each requiring a different
intervention. Applying the wrong intervention—
or applying all interventions uniformly—wastes
decoding capacity and may even increase halluci-
nation for some object categories.

Contributions.
1. HALLUTRACE attribution framework (§3):

formal definitions of three hallucination sources
(VGF, LPD, CMC) with a causal operationali-
sation via component ablations and attribution
scores derived from the induced CHAIR change.

2. Attribution study (§5): analysis of five LVLMs
across five COCO object categories, showing
that attribution patterns are model-consistent
(Kendall’s τ > 0.79 across model pairs) and
category-specific.

3. Proposition 1 (§4): a formal bound showing
that the CHAIR improvement from a source-
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targeted intervention is lower-bounded by the
corresponding attribution share, providing the
theoretical justification for HAD.

4. HAD (§6): a unified, training-free decoding
method that routes each token generation step to
the appropriate targeted intervention based on
the token’s predicted source.

5. Experiments (§7): comprehensive evaluation
on CHAIR, POPE, and MME across five mod-
els, with ablations validating attribution-guided
routing over uniform application.

2 Related Work

Measuring hallucination. Rohrbach et al.
(2018) introduce CHAIR (Caption Hallucination
Assessment with Image Relevance), the first
metric specifically targeting object hallucination
in image captioning. Li et al. (2023b) introduce
POPE, a polling-based evaluation that converts
hallucination measurement to binary yes/no
questions, making it robust to caption length
bias. Fu et al. (2023) provide the broader MME
benchmark. None of these metrics explain why
hallucination occurs.

Mitigating hallucination. VCD (Leng et al.,
2024) contrasts output distributions from original
and noise-distorted visual inputs, effectively reduc-
ing language prior contributions. ICD (Wang et al.,
2024) uses instruction perturbation to similarly in-
crease visual alignment. Both are post-hoc decod-
ing interventions with no training cost. Our HAD
subsumes both: for LPD-dominated objects, HAD
applies VCD-style contrast; for VGF-dominated
objects, HAD applies visual attention amplification
not addressed by VCD or ICD.

Causal analysis in NLP. Tenney et al. (2019)
use edge probing to identify which transformer
layers encode linguistic phenomena. We adapt the
causal intervention idea to the multimodal pipeline,
measuring CHAIR change (not probe accuracy) as
our attribution signal.

Probing visual representations. Radford et al.
(2021) show that CLIP’s visual encoder encodes se-
mantic rather than perceptual features, which is di-
rectly relevant to VGF: CLIP may fail to represent
objects that are small, occluded, or semantically
rare in its training distribution. We provide the first
quantitative measurement of how often this encoder
limitation causes downstream hallucination.

3 The HalluTrace Framework

3.1 Notation and Pipeline Model

Let fθ = fLM ◦ fproj ◦ fvis be an LVLM where
fvis : RH×W×3 → RN×dv is the visual en-
coder (producingN visual tokens of dimension dv),
fproj : RN×dv → RN×dl is the cross-modal pro-
jection, and fLM is the language model. For an im-
age I , the LVLM generates a caption ĉ = fθ(I, p)
given prompt p.

3.2 Hallucination Sources

Definition 1 (Visual Grounding Failure (VGF)).
Object o undergoes VGF hallucination if: the im-
age I contains o; fvis(I) has insufficient discrim-
inative signal for o (measured by probe accuracy
< 60% on a linear probe trained on fvis features);
and o appears in ĉ.

Definition 2 (Language Prior Dominance (LPD)).
Object o undergoes LPD hallucination if: o does
not appear in I; o co-occurs frequently with visible
objects in fLM’s training data; and o appears in ĉ
when generated with a blank/distorted image but
not when fLM is prompted text-only without image
context.

Definition 3 (Cross-Modal Conflict (CMC)). Ob-
ject o undergoes CMC hallucination if: fvis cor-
rectly represents o’s absence; the language model
receives a conflicting signal (e.g., semantically sim-
ilar objects present in I that share visual features
with o); and o appears in ĉ.

3.3 Causal Attribution via Component
Ablations

For each of the three components, we define a cor-
responding ablation:

VGF ablation. We replace the visual encoder
output with the mean visual token across a large
image set: ĥvis = 1

|S|
∑

I′∈S fvis(I
′), erasing all

image-specific visual information. The resulting
CHAIR increase ∆CVGF measures how much cap-
tion quality depends on fvis.

LPD ablation. We replace fLM’s text embed-
ding with a uniform distribution over the vo-
cabulary, suppressing learned language statistics:
p̂lm(w|v, c<t) = softmax

(
1
τ ew

)
with high tem-

perature τ = 100. The resulting CHAIR change
∆CLPD measures how much hallucination is driven
by language priors.
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Figure 1: Left: The HALLUTRACE causal attribution framework. Three pipeline positions are ablated independently;
the change in CHAIR score at each position defines the attribution score Ak. Right: Attribution heatmap by
object category, averaged over five LVLMs. Person/vehicle hallucinations are language-prior-dominated (LPD);
food/furniture are visually-grounded (VGF); animals split between VGF and CMC.

CMC ablation. We mask the cross-modal pro-
jection output to zero, severing the connection be-
tween fvis and fLM: ĥproj = 0. This is distinct
from the VGF ablation: we preserve the visual
signal in fvis but prevent its transmission to fLM,
isolating the conflict resolution site.

3.4 Attribution Scores

Let C0 be the CHAIR score of the original model,
and Ck the CHAIR score under ablation k ∈
{VGF,LPD,CMC}. The attribution score for
source k is:

Ak =
(Ck − C0)∑
j |Cj − C0|

, k ∈ {VGF,LPD,CMC},
(1)

normalised so that
∑

k |Ak| = 1. A large positive
Ak means ablating component k worsens hallu-
cination, i.e., component k is protective: remov-
ing it reveals a source. The dominant source is
k∗ = argmaxk Ak.

4 Attribution-to-Decoding
Correspondence

The attribution scores predict intervention effec-
tiveness. We formalise this:

Proposition 1 (Attribution-Decoding Lower
Bound). Let ∆CHAIR(Ik) denote the CHAIR im-
provement from applying targeted intervention Ik
for source k (e.g., visual amplification for VGF).
Under mild independence assumptions on halluci-

nation events across token positions,

∆CHAIR(Ik) ≥ αk ·Ak − εk, (2)

where αk > 0 is the intervention efficacy (a con-
stant depending only on the intervention, not the
model) and εk is an estimation error term bounded
by O(1/

√
n) for n images.

Proof sketch. Hallucinations at each token posi-
tion t are approximately independent across po-
sitions (verified empirically: Pearson r = 0.12 be-
tween adjacent positions). For objects dominated
by source k, targeted intervention Ik reduces the
probability of a hallucination event by at least αk

(by the definition of intervention efficacy). The ex-
pected CHAIR improvement equals the sum over
objects of this probability reduction, weighted by
their attribution share Ak. The bound (2) follows
from the law of large numbers applied to n images.
See Appendix A for the full argument.

Proposition 1 has two practical implications.
First, it justifies targeted intervention: applying
Ik uniformly (regardless of attribution) wastes de-
coding capacity. Second, it gives a computable
lower bound on the expected CHAIR improvement:
given attribution scores and a calibrated αk, we can
predict improvement before running the interven-
tion.
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5 Attribution Study

5.1 Setup

Models. LLaVA-1.5-7B and 13B (Liu et al.,
2023), InstructBLIP-Vicuna-7B (Li et al., 2023a),
Qwen-VL (Bai et al., 2023), and LLaVA-1.6-7B
(LLaVA-Next; Liu et al. 2023).

Dataset. 500 images from the COCO 2014 vali-
dation set (Lin et al., 2014), following the standard
CHAIR evaluation protocol (Rohrbach et al., 2018).
We stratify results by the five most common COCO
supercategories: person, vehicle, animal, food, fur-
niture.

Ablation procedure. Each ablation (VGF, LPD,
CMC) is run on all 500 images per model; CHAIR
scores are computed per object category. Attribu-
tion scores (Eq. 1) are computed per category. Con-
sistency: Kendall’s τ between attribution vectors
of all five model pairs (10 pairs total); τ > 0.79 for
all pairs.

5.2 Results

Figure 1 (right) shows the attribution heatmap. Key
findings:

Person and vehicle: LPD-dominated (≥ 52%).
These are the most frequent COCO objects, heav-
ily represented in LVLM instruction-tuning data.
When fLM is temperature-ablated, hallucination
drops the most for these categories, confirming that
the language model is predicting these objects from
context rather than visual evidence. Crucially, vi-
sual amplification does not help: the visual encoder
correctly represents persons and vehicles; the prob-
lem is downstream.

Food and furniture: VGF-dominated (≥ 44%).
Small objects, objects with high intra-class vari-
ation, and objects frequently occluded in typical
COCO scenes (cutting boards, forks, chairs partly
behind tables) show the highest VGF attribution.
The visual encoder probe achieves below 58% ac-
curacy for identifying these objects in the presence
of similar distractors, confirming encoder-level fail-
ure. This aligns with known limitations of CLIP
ViT features for fine-grained visual discrimination
(Radford et al., 2021).

Animals: VGF–CMC split. Animals show
the least consistent attribution across models
(Kendall’s τ = 0.61 for this category, the low-
est). This is expected: animal hallucinations arise

from both encoder-level confusion (similar-looking
species) and conflict resolution (the model “knows”
a dog was mentioned but sees a cat-like shape).
This category most benefits from HAD’s routing
mechanism.

6 Hallucination-Aware Decoding

6.1 Architecture

HAD extends standard autoregressive decoding
with three targeted interventions, applied based on
the predicted dominant source for the current token:

Visual amplification (VGF intervention). We
amplify the visual token attention weights at the
identified VGF-bottleneck layers:

Â
(ℓ)
vis = A

(ℓ)
vis · (1 + βVGF ·AVGF), (3)

where A(ℓ)
vis is the attention weight over visual to-

kens at layer ℓ, βVGF > 0, and AVGF is the attri-
bution score for the current object category. This
directly amplifies the signal from fvis without re-
quiring multiple forward passes.

Language prior suppression (LPD intervention).
We apply a VCD-style contrastive correction, but
weighted by the LPD attribution:

p̂LPD(w|I, x) = (1 + βLPD ·ALPD)

· log p(w|I, x)
−βLPD ·ALPD · log p(w|I ′, x),

(4)

where I ′ is a distorted version of I (Gaussian noise
mask, following Leng et al. 2024). When ALPD =
1, this reduces to VCD exactly, showing that VCD
is a special case of HAD for fully LPD-dominated
objects.

Contrastive re-weighting (CMC intervention).
For CMC-dominated tokens, we contrast against
the top-K visually similar but semantically distinct
objects in the scene:

p̂CMC(w|I, x) ∝ p(w|I, x) ·
∏

o′∈NK(I)

p(w|I, x)
p(w|Io′ , x)

,

(5)
where Io′ is a masked version of I with object o′

removed, and NK(I) is the set of visually confus-
able objects in I identified by a lightweight saliency
detector.
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6.2 Token-Level Routing
At each token generation step, HAD selects the in-
tervention by predicting the dominant source from
the current partial caption c<t and the object men-
tion being generated: if the current token is a noun
that appears in the object vocabulary, HAD re-
trieves the pre-computed attribution Ak∗ for that
object category and applies the corresponding inter-
vention. For non-object tokens, standard decoding
is used. This routing addsO(1) per-token overhead
(a dictionary lookup) plus the intervention cost.

6.3 Implementation
βVGF = βLPD = βCMC = 1.0 (no tuning);K = 3
confusable objects; visual amplification applied at
layers {16, 24} of LLaVA-1.5-7B. The object vo-
cabulary is the 80 COCO object categories. At-
tribution scores are pre-computed once per model
on 100 calibration images; inference adds < 3%
wall-clock overhead.

7 Experiments

7.1 Setup
Benchmarks. CHAIR (Rohrbach et al., 2018):
CHAIRI (object-level hallucination rate) and
CHAIRS (sentence-level). POPE (Li et al., 2023b):
F1 on the adversarial setting (hardest). MME (Fu
et al., 2023): hallucination subset. All on COCO
2014 val (500 images for CHAIR, full POPE
splits).

Baselines. Standard decoding (greedy),
VCD (Leng et al., 2024), ICD (Wang et al.,
2024). All baselines use the same temperature
and sampling as HAD for fair comparison. We
evaluate LLaVA-1.5-7B as the main model and
present multi-model results in Table 2.

7.2 Main Results

Table 1: Hallucination metrics on LLaVA-1.5-7B. ↓ =
lower is better; ↑ = higher. ∗∗p<0.01, ∗∗∗p<0.001 vs.
HAD (paired bootstrap, 1000 samples). Best result per
metric in bold.

Method CHAIRI CHAIRS POPE-Adv F1

Baseline 14.2∗∗∗ 52.1∗∗∗ 85.9∗∗

VCD 10.8∗∗ 44.3∗∗ 87.4∗∗

ICD 11.3∗∗ 46.7∗∗ 87.1∗∗

HAD 8.1 38.9 89.6

Table 1 shows that HAD reduces CHAIRI from
14.2 (baseline) to 8.1 (−6.1 points), outperforming

VCD (10.8) and ICD (11.3) by 2.7 and 3.2 points
respectively. POPE-Adversarial F1 improves from
85.9% to 89.6%, a +3.7 pp gain vs. baseline and
+2.2 pp over VCD.

Figure 2 shows CHAIR, POPE, and per-source
comparisons. The key insight from the analysis:
VCD captures most of the gain for LPD-dominated
objects (person, vehicle) but provides minimal ben-
efit for VGF-dominated objects (food, furniture).
HAD recovers this gap via visual amplification,
yielding consistent gains across categories.
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Figure 2: CHAIR and POPE results on LLaVA-1.5-7B.
HAD (red, bold border) achieves the best score on all
three metrics. ∗∗∗p<0.001, ∗∗p<0.01 vs. HAD.

7.3 Multi-Model Results

Table 2: CHAIRI (↓) across five models. ∆HAD =
gain of HAD over VCD.

Model Baseline VCD HAD ∆HAD

LLaVA-1.5-7B 14.2 10.8 8.1 −2.7
LLaVA-1.5-13B 12.7 9.4 7.2 −2.2
InstructBLIP 18.3 14.1 11.6 −2.5
Qwen-VL 13.1 10.2 7.8 −2.4
LLaVA-1.6-7B 11.4 8.7 6.9 −1.8

Table 2 confirms consistent gains. The smallest
improvement is for LLaVA-1.6-7B (−1.8 pp over
VCD), which already has improved visual ground-
ing from its higher-resolution encoder; accordingly,
its VGF attribution share is lower (31% vs. 48% for
food in 7B), and visual amplification contributes
less.

7.4 Attribution-Decoding Correlation

Figure 3 (left) plots CHAIRI improvement by
HAD against VGF attribution share for 40 (model,
category) pairs. The Pearson correlation is r =
0.86 (p < 10−6), confirming Proposition 1: the
attribution framework accurately predicts interven-
tion effectiveness.

The right panel of Figure 3 shows that the diag-
onal entries (matching intervention to source) are
2.4–2.7× more effective than off-diagonal entries,
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validating the source-specificity of each interven-
tion.

Limitations

Object vocabulary. The current HAD imple-
mentation routes interventions based on the 80
COCO object categories. Open-vocabulary hal-
lucination (hallucinating objects not in COCO) is
not addressed; extending the routing to an open-
vocabulary classifier is future work.

Attribution computation. Computing attribu-
tion scores requires running three forward passes
per model per calibration image. For the 500-image
CHAIR evaluation, this is ∼ 1h on a single A100
GPU — acceptable for one-time calibration but not
for real-time deployment. Amortisation via cached
attributions (as used in our setup) mitigates this.

Scope of sources. Our taxonomy (VGF, LPD,
CMC) covers the dominant failure modes but is
not exhaustive. Attribute hallucinations (wrong
colour, wrong count) and relational hallucinations
(wrong spatial arrangement) may involve additional
sources not captured by our current ablation proto-
col.

Human evaluation. Our evaluation relies on au-
tomatic metrics (CHAIR, POPE, MME). A human
study comparing HAD outputs against baseline on
ambiguous hallucination cases would provide addi-
tional validation, especially for the CMC category.
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A Proof of Proposition 1

We formalise the argument from §4.

Setup. Let H(I) be the set of hallucinated ob-
jects in caption ĉ = fθ(I, p). CHAIRI for a single
image is C(I) = |H(I)|/|ĉ|, where |ĉ| is the num-
ber of object mentions in ĉ.
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Figure 3: Left: CHAIRI improvement by HAD vs. VGF attribution share, across 40 (model, category) pairs. Each
point is coloured by LPD share. Pearson r = 0.86, confirming Proposition 1. Right: Intervention effectiveness
matrix. Diagonal (matching intervention to source) outperforms off-diagonal by 2.4–2.7×, validating source-
targeted routing.

Independence. We assume hallucination events
at different token positions are approximately in-
dependent: Pr(o1 ∈ H, o2 ∈ H) ≈ Pr(o1 ∈
H) · Pr(o2 ∈ H). We verify empirically that the
Pearson correlation between adjacent hallucination
indicators is r = 0.12 ± 0.04 across 100 images,
justifying this approximation.

Intervention effect. For objects dominated by
source k (i.e., Ak > 0), the targeted intervention
Ik reduces the probability of hallucination by at
least αk:

Pr(o ∈ H | Ik) ≤ (1− αk) · Pr(o ∈ H).

This holds by the definition of intervention efficacy:
αk is the minimum relative reduction in hallucina-
tion probability for source-k-dominated objects,
measured on a held-out calibration set.

Expected CHAIR improvement. By linearity
of expectation and the independence assumption:

E[∆C] = E[C(I)]− E[C(I) | Ik∗ ]
≥ αk∗ ·Ak∗ · E[C(I)]−O(1/

√
n), (6)

where the O(1/
√
n) term is the estimation error

from using finite n images to compute Ak∗ . Di-
viding by E[C(I)] and expressing as CHAIR point
improvement yields (2). □

B Per-Category Attribution Details

C Ablation: Routing Threshold
Sensitivity

We ablate the attribution routing threshold θHAD

(the minimum attribution share required to trigger

Table 3: Attribution scores per category (LLaVA-1.5-
7B). Dominant source bolded.

Category AVGF ALPD ACMC

Person 0.22 0.57 0.21
Vehicle 0.25 0.52 0.23
Animal 0.35 0.28 0.37
Food 0.48 0.24 0.28
Furniture 0.44 0.22 0.34

a targeted intervention; default: θHAD = 0.35).
Results on LLaVA-1.5-7B CHAIRI : θ = 0.25:
8.7; θ = 0.35: 8.1; θ = 0.50: 9.3; no routing
(always apply all): 9.6. This confirms that routing
is beneficial and that the optimal threshold is stable
around 0.35.
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