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Abstract

We present Omni-12C, a comprehensive bench-
mark designed to evaluate the capability of
Large Multimodal Models (LMMs) in con-
verting complex, structured digital graphics
into executable code. We argue that this task
represents a non-trivial challenge for the cur-
rent generation of LMMs: it demands an un-
precedented synergy between high-fidelity vi-
sual perception—to parse intricate spatial hi-
erarchies and symbolic details—and precise
generative expression—to synthesize syntacti-
cally sound and logically consistent code. Un-
like traditional descriptive tasks, Omni-I2C re-
quires a holistic understanding where any mi-
nor perceptual hallucination or coding error
leads to a complete failure in visual reconstruc-
tion. Omni-I12C features 1130 meticulously
curated samples, defined by its breadth across
subjects, image modalities, and programming
languages. By incorporating authentic user-
sourced cases, the benchmark spans a vast spec-
trum of digital content—from scientific visual-
izations to complex symbolic notations—each
paired with executable reference code. To com-
plement this diversity, our evaluation frame-
work provides necessary depth; by decoupling
performance into perceptual fidelity and sym-
bolic precision, it transcends surface-level ac-
curacy to expose the granular structural failures
and reasoning bottlenecks of current LMMs.
Our evaluation reveals a substantial perfor-
mance gap among leading LMMs; even state-
of-the-art models struggle to preserve struc-
tural integrity in complex scenarios, underscor-
ing that multimodal code generation remains a
formidable challenge. Data and code are avail-
able at https://github.com/MiliLab/Omni-I12C.

1 Introduction

In professional workflows, programming is rarely a
requirement isolated from visual cues. Whether it
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Figure 1: Taxonomy overview of the Omni-I2C bench-
mark. The dataset features a diverse distribution across
5 code types, 8 major subjects, and 43 distinct figure

types.

is an engineer re-implementing complex data inter-
faces from legacy archives, a developer transform-
ing high-fidelity visual mockups into structured lay-
outs, or a researcher converting technical diagrams
and notations into executable logic. The demand
for Image-to-Code (I12C) conversion is both ubiqui-
tous and valuable (Yang et al., 2024; Si et al., 2025;
Wu et al., 2025; Li et al., 2024). This “pixel-to-
program” synthesis represents an advanced appli-
cation of human-AlI collaboration, where LMMs
act as intelligent assistants that bridge the gap be-
tween visual information and executable functional
logic.

Beyond its practical utility, I2C generation offers
a unique paradigm for evaluating high-fidelity per-
ception compared to conventional tasks such as Vi-
sual Question Answering (VQA) (Yue et al., 2024,
2025; Lu et al., 2023; Antol et al., 2015). While
VQA evaluates a model’s ability to extract specific
information through targeted queries, I12C genera-
tion demands a holistic, structural reconstruction

37761

Proceedings of the 64th Annual Meeting of the Association for Com‘;utational Linguistics (Volume 1: Long Papers), pages 37761-37798

July 2-7, 2026 ©2026 Association for Computational Linguistics



Table 1: Compared with prior benchmarks, Omni-I2C achieves the greatest breadth in coverage.

Benchmark Domain #Samples  #Subjects  #Figure Types Output Modalities
ChartMimic (Yang et al., 2024) Chart 4,800 8 22 Python

Chart2Code (Tang et al., 2025) Chart 2,023 4 22 Python

Plot2Code (Wu et al., 2025) Plot 368 - 6 Python, R

Design2Code (Si et al., 2025) Web 484 - - HTML

UniSVG (Li et al., 2025) Icon 2,850 - - SVG

Image2Struct (Roberts et al., 2024) Doc/Music 2,400 3 6 LaTeX, HTML

Omni-12C Generalist 1,130 8 43 Python, SVG, HTML, LaTeX, SMILES

of the entire visual input. It is intrinsically less
tolerant of perceptual discrepancies; even a minute
error—such as misidentifying a LaTeX subscript
or a specific coordinate—will cause the rendered
output to deviate, fundamentally altering the se-
mantic meaning of the result. This execution-based
verifiability enables a more comprehensive, fine-
grained, and objective evaluation of the perceptual
capabilities of a model.

Recognizing this potential, recent benchmarking
efforts begin to explore 12C generation within spe-
cialized domains. For instance, ChartMimic (Yang
et al., 2024) and Plot2Code (Wu et al., 2025) fo-
cus on synthesizing plotting scripts from scientific
charts, while Design2Code (Si et al., 2025) eval-
uates the transformation of web screenshots into
front-end implementations. Although these works
have established a vital foundation, current eval-
uations remain largely restricted in image variety,
programming languages, and task scenarios. To
comprehensively assess the limits of perception,
coding and reasoning, a more diverse and general-
purpose testbed is essential to evaluate whether
LMMs can generalize across varied technical and
professional domains.

To bridge this gap, we introduce Omni-I12C, a
comprehensive benchmark for stress-testing the
limits of Image-to-Code (I2C) generation. The
dataset contains 1130 meticulously curated sam-
ples drawn from real-world user applications, cov-
ering a broad spectrum of technical graphics such
as scientific visualizations, molecular structures,
and complex symbolic notations, and supporting
diverse programming languages. Furthermore, we
propose a multi-level evaluation framework that
decomposes model performance into fine-grained
attributes, enabling a more nuanced understanding
of model strengths and weaknesses across different
dimensions. Unlike previous metrics restricted to
specific domains or coding formats, our evaluation
logic offers comprehensive coverage and demon-
strates superior alignment with human judgment
through extensive empirical validation.

Through an extensive evaluation of 13 propri-
etary and open-weight LMMs, we reveal a pro-
found performance gap in high-fidelity image-to-
code generation. Even leading frontier models,
such as Gemini 3 Pro and GPT-5.1, frequently
falter in the challenging scenarios presented by
our benchmark. These results highlight substantial
room for improvement and position Omni-12C as a
challenging benchmark for advancing LMMs. Our
contributions are summarized as follows:

* We present Omni-12C, a meticulously curated
dataset of 1130 items, including 5 program-
ming languages, 8 major subjects, and 43
distinct figure types. It serves as a rigorous
testbed for evaluating the perception and cod-
ing capabilities of LMMs.

* We propose an evaluation framework that as-
sesses code-level integrity and image-level
perceptual consistency, enabling more diag-
nostic and attributable analyses of model be-
havior than traditional heuristic metrics.

Our comprehensive analysis of SOTA LMMs
exposes a significant performance gap in high-
fidelity reconstruction, identifying critical fail-
ure modes and charting a path toward more
precise, trusted multimodal agents.

2 Related Work

2.1 Multimodal Code Benchmarks

The rapid advancement of Large Language Models
(LLMs) has reshaped automated code generation,
from general-purpose foundation models (Ope-
nAl, 2025; Deepmind, 2025; Anthropic, 2025) to
specialized architectures (Guo et al., 2024; Hui
et al., 2024) that excel at complex programming
tasks (Jimenez et al., 2023; Zhou et al., 2023; Yao
et al., 2024). Model evaluation, however, has
largely remained single-modal, relying on text-
only benchmarks such as HumanEval (Chen, 2021),
MBPP (Austin et al., 2021), and DS-1000 (Lai
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Figure 2: The Data Curation and pipeline of Omni-I2C. Data Curation (Left): From raw web collection to a refined
benchmark with diverse themes and languages, ensured by strict filtering and human verification. Pipeline (Right):
The proposed workflow for image-to-code generation and automatic evaluation.

et al., 2023). As models become multimodal, eval-
uation must expand to real-world settings where
visual perception is integral.

Recent multimodal benchmarks—MMCode (Li
et al.,, 2024), Design2Code (Si et al., 2025),
Plot2Code (Wu et al., 2025), and Chart-
Mimic (Yang et al., 2024)—take steps in this direc-
tion by testing HTML generation and chart-to-code
synthesis. Yet they are typically domain-bound,
with limited diversity in subjects, visual modalities,
and programming languages. To address these lim-
itations, we introduce Omni-I12C, a comprehensive
benchmark for high-fidelity visual understanding
and image-to-code generation. See Tab. 1 for de-
tailed comparisons with prior benchmarks.

2.2 Visual Perception in LMMs

The evolution of Large Multimodal Models has
transitioned from coarse recognition to complex,
fine-grained visual reasoning, bolstered by high-
quality data and test-time scaling (Alayrac et al.,
2022; Liu et al., 2023; Chen et al., 2024; Wang
et al., 2024; Lu et al., 2023; Yue et al., 2024,
Qiao et al., 2025; Zhang et al., 2025¢c,b; Zheng
et al., 2025; Meng et al., 2025). However, exist-
ing VQA benchmarks—often relying on multiple-
choice or short-form answers—suffer from sparse
or ambiguous supervision (Zhang et al., 2025a).
Such formats frequently allow models to exploit
language priors or “shortcuts” without true visual
grounding, making failures difficult to diagnose.
Image-to-code generation mitigates this by intro-
ducing dense, execution-based supervision through
“pixel-to-program” mapping—where perceptual
mistakes translate into functional reconstruction
errors—allowing Omni-I2C to assess perceptual
fidelity more granularly than traditional VQA.

3 The Omni-I12C Benchmark
3.1 Task Definition

The Omni-I2C benchmark probes cross-modal in-
telligence by requiring models to synthesize ex-
ecutable code that reconstructs complex digital
graphics. Formally, given an input image I and
an instruction 7 specifying the target programming
language and reconstruction goal, an LMM fj gen-
erates code Clyeq:

Cpred = f@(I7T)

Executing Cp,.q produces a reconstructed image
Iiec. Omni-I12C then evaluates the fidelity of e to
I along multiple dimensions, including semantic
consistency and structural alignment.

3.2 Benchmark Coverage Analysis

The Omni-12C benchmark comprises 1,130 high-
quality evaluation items curated to span a broad
range of programming languages, academic sub-
jects, and visual representations. This coverage
provides substantially greater breadth and depth
than existing image-to-code benchmarks.

Code Types. Omni-I2C includes five languages:
Python, LaTeX, HTML, SVG, and SMILES. They
are selected to cover complementary real-world
workflows: Python and LaTeX represent widely
used academic pipelines for visualization and type-
setting, HTML and SVG target broad web and en-
gineering settings for structured layouts and vec-
tor graphics, and SMILES brings domain-specific
structure from cheminformatics.

Subjects. To reflect practical use cases, Omni-
12C covers over eight subjects, spanning founda-
tional sciences (e.g., Mathematics, Physics, Chem-
istry) and applied domains (e.g., Computer Science,
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Biomedicine, Economics). This diversity pushes
models beyond pattern matching toward domain-
aware interpretation of field-specific conventions
and visual languages.
Image Types. Our benchmark features 43 distinct
plot types, ranging from standard statistical charts
to complex biological diagrams and geographical
maps. This wide coverage ensures a comprehensive
evaluation of a model’s visual perception abilities.
By jointly varying code types, domains, and
visual formats, Omni-I2C evaluates integrated
perception-and-generation ability rather than iso-
lated skills, reducing the impact of single-domain
expertise. Fig. 1 summarizes the data distribution;
additional taxonomy details and qualitative exam-
ples are provided in the App. B.

3.3 Data Curation Process

Omni-I2C is built through a three-stage pipeline
consisting of data collection, filtering, and decon-
tamination, as demonstrated in Fig. 2.

Data collection. We adopt a taxonomy-driven
strategy. We first establish a structured schema
by synthesizing insights from established bench-
marks (Yang et al., 2024; Wang et al., 2023) and au-
thoritative reference materials (details in App. B.),
which subsequently directs our targeted retrieval
process. To ensure high-quality data acquisition,
we adhere to three core selection criteria: (i) Fi-
delity, requiring a strict structural alignment be-
tween the code and its rendered output; (ii) Com-
plexity, prioritizing samples with non-trivial logical
depth or intricate spatial arrangements; and (iii) Au-
thenticity, focusing on idiomatic code that reflects
real-world programming practices. By aligning our
efforts with this schema and these criteria, we fa-
cilitate a purposeful selection that fills specific data
gaps and ensures a balanced distribution by design.
We harvest high-fidelity image-code pairs from of-
ficial galleries, community, tutorial textbooks and
document (e.g., Matplotlib Gallery, TikZ.net) and
refine subsets from existing datasets (Yang et al.,
2024, 2025) to bolster under-represented categories
across the Omni-I12C taxonomy.

Data filtering. To ensure the integrity of the eval-
uation set, we implement a multi-stage filtering
pipeline. First, technical executability is guaran-
teed via isolated sandbox execution, where any
code with compilation or runtime errors is dis-
carded. Second, a manual audit sanitizes the col-
lection by removing private data (PII) and social
biases. Third, we employ an LLM-driven semantic

refinement process to develop a granular taxon-
omy, followed by an expert review to rectify any
misalignments. Finally, the dataset is balanced
by pruning over-represented classes and exclud-
ing instances with extreme sequence lengths. This
rigorous curation ensures a high-quality, robust col-
lection of evaluation samples.

Data decontamination. As the raw data originates
from public web sources, we develop a refactor-
ing strategy to mitigate data leakage and prevent
shortcut learning through memorization. We em-
ploy an LLM to systematically refactor the code’s
stylistic and aesthetic attributes, such as fonts and
layouts. For textual elements within images, we
perform semantic sanitization by erasing original
text and injecting entirely new, synthetic strings.
Furthermore, we manually modify key attributes,
including colors, label coordinates, and textual con-
tent. To further decouple visual perception from
linguistic priors, we occasionally introduce counter-
factual “pseudo-labels” by substituting labels or
changing the content to nonsense. This design
choice ensures that models cannot rely on common-
sense guesses or memorized patterns, forcing them
to anchor their outputs strictly on the provided vi-
sual evidence. Representative visual comparisons
of the original and decontaminated samples are
provided in App. B.

3.4 Evaluation Metrics

Current I2C evaluation paradigms often fail to rec-
oncile perceptual intuition with objective rigor (Li
et al., 2024; Si et al., 2025; Wu et al., 2025; Yang
et al., 2024). Methods relying solely on program-
matic metrics tend to be library-dependent, while
those based purely on LMM-judges may introduce
subjective variance. To provide a more comprehen-
sive and robust assessment, Omni-I12C introduces a
synergetic perceptual-symbolic evaluation frame-
work that harmonizes qualitative visual perception
with quantitative algorithmic rigor.

Under this paradigm, each evaluation instance is
characterized by a cross-comparison between the
predicted pair (Iycc, Cpreq) and the ground-truth
reference (Igr,Cor). Specifically, this frame-
work bifurcates the assessment into two comple-
mentary tracks: Visual Perceptual Fidelity and
Symbolic Functional Precision.

Visual Perceptual Fidelity. This track utilizes a
frontier LMM to provide a human-aligned score
Simg of the rendered output I,... Rather than
requiring the model to perform unreliable fine-

37764

4



grained parsing, this track prioritizes global struc-
tural coherence and stylistic essence. Specifically,
Simg 1s derived from a multi-dimensional assess-
ment across four axes: Style, Layout, Elements,
and Text. While the textual axis ensures content
accuracy, the former three dimensions are designed
to capture holistic, global attributes—such as color
harmony and spatial distribution. This serves as a
qualitative proxy for human perception, ensuring
that the synthesized result is visually plausible and
stylistically consistent with the original input.

Symbolic Functional Precision. To complement
visual intuition with objective grounding, this track
employs an LLM-based evaluator to conduct a sys-
tematic audit of the generated code. The evaluator
acts as an intelligent parser, first identifying the
reference sets of functional logic blocks (Fg7) and
fine-grained parameters (Pgr) within the ground-
truth code Cgr. It then scrutinizes the predicted
code Cpeq to determine the subset of success-
fully implemented functions (Fj,qscn) and accu-
rately aligned parameters (P,qicn). We quantify
the model’s performance via Functional Coverage
(S func) and Parametric Accuracy (Sparq), as:

o |7Dmatch ‘

|]:match|
= S. = —.
para ‘PGT|

Sfunc = Wa

Further details regarding the implementation of
these metrics are provided in App. C.2. We also
provide an updated symbolic evaluation protocol
based on checklist-guided verification in App. A.3.

While this pipeline is applied to HTML, LaTeX,
Python, and SVG tasks, we adopt a domain-specific
approach for SMILES data. We assess reconstruc-
tion fidelity by calculating the Tanimoto Similar-
ity (Bajusz et al., 2015) between the Morgan Finger-
prints (Rogers and Hahn, 2010) of the ground-truth
and generated code. Human inspection confirms
that this metric effectively quantifies the accuracy
of the reconstructed molecular topology, providing
a robust proxy for structural identity that closely
aligns with expert perceptual judgment. We pro-
vide examples in the App. I for illustration.

4 Experiment

4.1 Baseline Setup

‘We benchmark 13 LMMs on Omni-I2C, includ-
ing proprietary frontiers—Claude 4.5 Sonnet (An-
thropic, 2025), GPT 5.1 (OPENALI, 2025), Gem-
ini 3 Pro (Deepmind, 2025), and Gemini 2.5

Pro (Comanici et al., 2025)—and a diverse open-
weight spectrum (7B—241B) including InternVL
3.5 (Wang et al., 2025), Qwen3-VL (Bai et al,,
2025a), Qwen2.5-VL (Bai et al., 2025b), and
Gemma3-27B (Team et al., 2025). This setup spans
major closed and open ecosystems to ensure a com-
prehensive comparison across varying model scales
and regimes. We employ refined, language-specific
prompts that enforce explicit structural constraints
(see App. C for details). For the evaluation, we uti-
lize GPT 4.1 to score perceptual fidelity and Claude
4.5 Sonnet to audit code-level functionality.

4.2 Main Results

Tab. 2 presents a comprehensive overview of the
benchmarking results across 13 LMMs. Combined
with the qualitative analysis in Fig. 3 and App.G,
we derive several critical observations regarding
the current landscape of image-to-code execution:
The challenging nature of the Omni-I2C. Omni-
12C reveals that translating complex visuals into
executable code remains a significant barrier. Tab. 2
shows that high execution rates do not guarantee
high-fidelity reconstruction. Even for frontier mod-
els, a performance ceiling exists in semantic and
parametric precision, confirming that Omni-12C
provides a rigorous and unsaturated testbed for
evaluating the next generation of LMMs.

The Universal Gap Between Logic and Preci-
sion. A consistent trend is that Parametric Accu-
racy (Spara) significantly lags behind Functional
Coverage (Stunc). This is because Spara identifies
fine-grained symbolic discrepancies—such as the
subtle linspace deviations in Fig. 3—that are diffi-
cult to discern via human vision or perceptual met-
rics (Simg). Consequently, Spara provides a high-
precision audit that visual assessment alone lacks
the resolution to capture.

Divergent Expertise among Proprietary Fron-
tiers. Proprietary models maintain a systematic
lead, yet they exhibit distinct specialized strengths.
Claude 4.5 Sonnet achieves the highest overall exe-
cution rate (96.9%), marking it as the most robust
model for generating syntactically correct code.
GPT 5.1 leads in logical fidelity (Sgunc at 60.1%),
demonstrating superior decomposition of complex
visual inputs.

Scaling Laws and Generational Leaps in Open-
Weight Models. Performance tracks with both
scale and architecture. The InternVL 3.5 series
exhibits clear scaling effects up to 241B. Mean-
while, architectural advancements can outweigh
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Table 2: Main results on Omni-12C. Exec. denotes Execution Rate. For SMILES, we report Exec. and Tanimoto
Similarity (T.S.) score. Best results in each category are bold, and second best are underlined within proprietary
models and open-weight models, respectively. Updated results under the refined benchmark and evaluation protocol
are provided in Appendix A; the corresponding updated main results are shown in Tab. 6.

Model | Overall(1130) | HTML(182) | LaTeX(274) | Python(364) | SVG(210) | SMILES(100)
‘ Stunc Spara Simg | Exec ‘ Stunc Spara Simg ‘ Exec ‘ Stunc Spara Simg | Exec ‘ Stunc Spara Simg ‘EXCC‘ Stunc Spara Simg ‘EXEC‘ TS. ‘ Exec
Proprietary Models
Claude Sonnet 4.5 563 342 74.6 | 969 | 61.6 567 768 |99.5 | 524 302 67. |93.1| 554 345 809 989|582 196 71.8|97.6|594| 94.0
GPT 5.1 60.1 37.9 713|920 64.6 61.1 73.0|100.0| 56.0 333 554|850 60.6 39.2 82.1|948]|60.7 21.7 719 |94.3|49.0| 82.0
Gemini 3 Pro 574 397 718 |92.160.1 565 72.1 995|535 313 56.5(83.6|558 38.6 82.0[95.1| 629 379 737|943 480 87.0
Gemini 2.5 Pro 567 352 70.6|87.8|63.2 569 781|989 | 489 274 523 (723|566 37.1 80.7[934| 613 23.1 703|90.0]|75.6| 850
Average 576 368 721|922 624 578 750 |99.5| 527 30.6 57.8 835|571 374 814 956|608 256 719 |94.1|580| 87.0
Open-Weight Models
InternVL3.5-241B-A28B-Instruct | 52.7 352 64.0 | 94.9 | 61.0 51.6 68.1 [100.0| 47.8 33.5 54.9|90.9| 50.8 304 73.5|94.0| 549 314 55996.7 689 96.0
InternVL3.5-38B-Instruct 393 249 496 (90.7| 456 419 53.1(100.0| 31.8 232 39.0|87.6| 41.1 246 593 874|404 128 43.5|91.0(588| 94.0
InternVL3.5-8B-Instruct 277 17.8 365 |81.5| 41.6 36.1 454|989 | 23.8 153 329|850 229 157 422(720| 292 89 23.8|77.1|453| 840
Qwen3-VL-235B-A22B-Instruct | 58.0 39.1 64.0 | 92.0 | 64.9 57.2 614|978 | 521 37.0 60.5|90.2| 59.2 37.6 72.7 [90.7| 57.7 285 559905669 94.0
Qwen2.5-VL-72B-Instruct 488 37.1 553 |90.5| 538 526 483|978 | 456 362 533 [93.1| 480 327 637|882 50.1 324 493 |89.0|298| 820
Qwen3-VL-32B-Instruct 534 377 577 (843|612 555 552|901 | 473 319 504 (799|524 356 652 849|561 33.6 56.5|84.8|51.6| 83.0
Qwen3-VL-8B-Instruct 472 310 498|822 555 471 530|868 | 39.1 286 384752465 285 590 (824|517 246 462 857|534 850
Qwen2.5-VL-7B-Instruct 31,5 233 368|735 382 398 438|830 241 183 298|664 | 335 229 459 |78.6| 320 16.1 244|76.7|153| 510
Gemma3-27B 322 214 41.1[768| 431 419 505|978 | 180 174 21.6|533 349 215 522|827 | 366 87 389](89.5]|23.1| 550
Average 434 297 505|852 | 517 47. 532|947 | 366 268 423|802 | 433 277 593 |845|454 219 438|868 |459| 80.4
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Figure 3: Representative examples from Gemini 3 pro.

raw parameter counts; for instance, the 32B Qwen3-
VL consistently surpasses the larger 72B Qwen?2.5-
VL, illustrating a distinct generational leap. Most
notably, Qwen3-VL-235B-A22B-Instruct achieves
state-of-the-art results in structured LaTeX tasks,
rivaling proprietary frontiers and marking a signifi-
cant milestone for open-source precision in special-
ized domains.

SVG and LaTeX Complexity as a Rigorous Ge-
ometric Discriminator. SVG and LaTeX serve
as the most demanding tasks due to its reliance
on intricate geometric topologies rather than hier-
archical tags. This poses a significant barrier for
small-scale models (7B—8B), which frequently fail
to maintain syntactic validity. The 18-point gap
in Spara of SVG tasks among proprietary models
further highlights that translating visual geometry
into precise spatial code is a key differentiator for

frontier LMMs.

5 Discussion

5.1 Study on Evaluation Metrics

Image Level Evaluation. Within the Visual Per-
ceptual Fidelity track, we prompt an LMM judge
to quantify the visual fidelity (Sjmg) of the recon-
structed outputs. To validate the reliability of this
metric, we conduct a human-preference alignment
study involving three candidate models—Gemini
2.5 Pro, InternVL 3.5-8B-Instruct, and Qwen3-VL-
235B-A22B-Instruct—evaluated by three distinct
judges: GPT 4.1, Qwen-VL-Max, and Qwen3-
VL-Plus. We benchmark our proposed Siyg met-
ric against four existing image-level evaluation
paradigms by measuring their respective alignment
with human consensus. The prompt templates
of existing image-level evaluation paradigms are
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Table 3: Image-level alignment analysis. Gray shad-
ing highlights the best-performing setting (Omni-I12C
with GPT 4.1). A detailed description of the evaluation
metrics and the rationale behind their selection are pro-
vided in the App. H.

Prompt Judge Ken. 7 (1) Spr. p (1) RMSE ({)
GPT 4.1 0.7254 0.7769 0.5474
Chart2Code Qwen-VL-Max 0.5971 0.6402 0.6951
Qwen3-VL-Plus  0.5736 0.6156 0.7293
GPT 4.1 0.7835 0.8252 0.4934
ChartMimic Qwen-VL-Max 0.7241 0.7723 0.5575
Qwen3-VL-Plus  0.7564 0.8004 0.5265
GPT 4.1 0.7918 0.8355 0.4780
Plot2Code Qwen-VL-Max 0.7800 0.8240 0.4972
Qwen3-VL-Plus  0.7623 0.7999 0.5229
GPT 4.1 0.7979 0.8417 0.4661
Self-Reflection Qwen-VL-Max 0.7275 0.7712 0.5508
Qwen3-VL-Plus  0.7214 0.7700 0.5575
GPT 4.1 0.8304 0.8681 0.4284
Omni-12C Qwen-VL-Max 0.7897 0.8323 0.4780
Qwen3-VL-Plus  0.7931 0.8353 0.4780

shown in App. C.2. For the annotation process, 10
human participants are each assigned 50 randomly
sampled instances. For each instance, annotators
are presented with the ground-truth image (Igr)
alongside three reconstructions (1,...) generated by
the contestant models, which they subsequently
ranked according to a standardized preference pol-
icy (further details are provided in the App. D).

The results, summarized in Tab. 3, indicate that
both the judge model and the prompting strategy
significantly influence the reliability of perceptual
assessment. Notably, the Omni-I12C prompt paired
with GPT 4.1 achieves the strongest correlation
with human preferences, yielding a Kendall’s 7 of
0.8304 and the lowest RMSE of 0.4284. Even
when deployed with alternative judges such as
Qwen-VL-Max or Qwen3-VL-Plus, our metric con-
sistently outperforms methods from prior work.
Code Level Evaluation. Given the semantic com-
plexity of code generation, we utilize an LLM-
based auditor to compute Functional Coverage
(S func) and Parametric Accuracy (Sparq). While
this enables scalable and automatic assessment, a
single LLM judge is prone to systematic biases
and capability limitations. Aggregating multiple
judges (e.g., via consensus-based voting (Cobbe
et al., 2021)) yields a more stable evaluation sig-
nal by mitigating idiosyncratic errors. The prompt
templates of code-level evaluation paradigms are
shown in App C.

To examine judge reliability, we evaluate three
frontier models—Claude 4.5 Sonnet, Gemini 2.5
Pro, and GPT 4.1—by eliciting rankings over
1,130 instances across four target models (Gemini

Table 4: Judge agreement and alignment to majority
vote (MV). All values are computed over 1,130 indices
and reported as mean=std unless otherwise noted. MV
align is the composite alignment to the MV ranking,
defined as 1 (7 + p), where 7 is Kendall’s 7 and p is
Spearman’s p against MV. Closest to MV (count/%)
reports how often a judge achieves the highest MV align
among judges on each item. A detailed description of
the evaluation metrics and the rationale behind their
selection are provided in the App. H.

Per-judge vs MV

Code Judge MYV align 1 Closest to MV (count/%) 1
Claude Sonnet 4.5 0.8436 (7=0.8546, p=0.8325) 691/61.15%
Gemini 2.5 pro 0.7747 (7=0.8182, p=0.7312) 222/19.65%

GPT 4.1 0.8419 (7=0.8510, p=0.8329) 217/719.20%

Overall (all judges)
Kendall’s W 1 0.7405 £ 0.2270
Kendall’s 7 0.6517 £ 0.3378

0.6080 £ 0.3343
0.91

Spearman’s p 1
Rank range (mean) |

2.5 Pro, GPT 4.1 mini, InternVL 3.5-8B-Instruct,
and Qwen3-VL-235B-A22B-Instruct). We then
construct a Majority-Vote (MV) ranking as a sil-
ver standard for expert consensus. As shown in
Tab. 8, the judges exhibit high agreement overall
(Kendall’s W = 0.74, mean Kendall’s 7 = 0.65,
and mean Spearman’s p = 0.61). Notably, the ob-
served disagreements are small in magnitude, with
a mean rank range of 0.91, suggesting that vari-
ances are largely restricted to local swaps rather
than systematic inversions. We further evaluate
each judge’s alignment with the MV: Claude 4.5
Sonnet demonstrates the highest fidelity to the con-
sensus, achieving an MV align score of 0.8436
(1 = 0.8546, p = 0.8325). On a per-instance ba-
sis, Sonnet 4.5 is the judge most frequently closest
to the MV ranking (61.15% of cases), significantly
outperforming its peers.

Based on the results, we adopt Claude 4.5 Son-
net as our final code judge. This choice provides
a high-fidelity proxy for the consensus ensemble
while optimizing for API cost. We note, however,
that multi-judge aggregation remains a principled
and more robust option for studies where computa-
tional budgets permit higher overhead. An updated
analysis of code-level judge selection is provided
in App. A.4.

5.2 Different Prompting Methods

We evaluate four representative models—Gemini
2.5 Pro, GPT 4.1 mini, Qwen3-VL-235B-A22B-
Instruct, and InternVL 3.5-8 B-Instruct—under five
distinct prompting strategies to assess their impact
on Omni-I2C performance. These include: (i) Di-
rect (zero-shot); (ii) Few-Shot (in-context exam-
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Figure 4: Comparative Analysis of Error Patterns in Claude 4.5 Sonnet, Gemini 3 Pro, and Qwen3-VL-235B-A22B-
Instruct. Case studies and evaluations across various languages are detailed in the App. F.

Table 5: Studies on different inference prompting meth-
ods. The best results for each model are highlighted
in bold. Values exceeding and falling below the corre-
sponding average are highlighted in red and blue. De-
tailed cross-lingual results are provided in App. E

Method

Model ‘ ‘ Stunc~ Spara Simg ‘ Exec
Direct 66.39 5649 69.70 | 88.32

Few-Shot 63.80 5410 68.74 | 86.73

Gemini2-5 Pro Scaffold 50.62 4257 51.65 | 83.01
Self-Commentary | 67.67 57.17 69.31 | 92.39

Hint-Enhanced 66.16  54.68 67.81 87.79

Direct 4580 3583 5322 | 81.33

Few-Shot 62.83 5091 59.14 | 92.03

GPT 4.1 mini Scaffold 3620 2897 4350 | 82.83
Self-Commentary | 48.50  37.95 57.92 | 84.96

Hint-Enhanced 64.19 5287 59.50 | 89.29

Direct 5453 3898 5493 | 86.46

Few-Shot 56.70 39.83 56.85 | 87.35

Qwen3-VL-235B-A22B-Instruct Scaffold 42.16 2885 4227 | 8292
Self-Commentary | 55.15 39.61 5590 | 87.26

Hint-Enhanced 59.27 4194 5525 | 85.84

Direct 2343 2075 2823 | 71.77

Few-Shot 2202 2156 28.08 | 71.15

InternVL3.5-8B-Instruct Scaffold 11.64  9.65 11.88 | 67.70
Self-Commentary | 25.01 21.77 29.39 | 76.81

Hint-Enhanced 2521 2136 2852 | 72.65

Direct 47.54  38.02 51.52 | 81.97

Few-Shot 5134  41.60 53.20 | 84.31

Average Scaffold 3516 27.51 37.32 | 79.12
Self-Commentary | 49.08  39.12  53.13 85.35

Hint-Enhanced 5371 4271 5277 | 83.89

ples); (iii) Hint-Enhanced, eliciting visual ratio-
nales before code generation; (iv) Scaffold, which
overlays a coordinate grid for spatial grounding;
and (v) Self-Commentary, which interleaves code
with explanatory logic. Detailed implementations
and full templates for each strategy are provided in
App. E. Our results in Tab. 5 reveal a high sensi-
tivity to prompting across all scales. For instance,
GPT 4.1 mini’s Spync jumps by nearly 20% when
transitioning from Direct to Hint-Enhanced prompt-
ing. Overall, reasoning-augmented strategies (Hint-
Enhanced, Self-Commentary) consistently outper-
form baselines by externalizing the image-to-code
translation process. Conversely, Scaffold prompt-
ing often degrades performance due to visual noise,
while Few-Shot remains a formidable baseline for
syntactically rigid tasks like HTML. This high vari-

ance underscores that achieving “plug-and-play”
stability remains an open challenge. An extended
analysis of model behaviors is provided in App. E.

5.3 Error Analysis

To elucidate the fundamental bottlenecks in current
LMMs, we conduct a manual audit of 240 instances
(100 per model) on Claude 4.5 Sonnet, Gemini 3
Pro, and Qwen3-VL-235B-A22B-Instruct. We de-
fine a five-tier taxonomy to categorize observed
failure modes: (1) Code-level Logic, where syntac-
tically valid code fails to map visual requirements
to correct programmatic attributes; (2) Textual Pre-
cision, involving OCR failures in dense labels or
complex symbolic notations; (3) Entity Integrity,
characterized by the omission or misinterpretation
of visual primitives like data points or legends;
(4) Colorimetric Accuracy, where generated color
codes deviate from the ground truth; and (5) Spatial
Layout, involving distorted aspect ratios or erro-
neous coordinate transformations.

As illustrated in Fig. 4 (a), the error distributions
exhibit a high degree of consistency across differ-
ent models. Notably, Entity- and Layout-related
errors are dominant, collectively accounting for
over 60% of the total. This indicates that current
models continue to face significant challenges in
recognizing visual entities and structures, as well
as in implementing precise layout control through
code. Furthermore, as depicted in Fig. 4 (b), while
the distributional patterns remain similar, the ab-
solute volume of errors varies due to disparities in
fundamental capabilities, such as visual perception
and code generation. Consequently, Qwen3-VL-
235B-A22B-Instruct exhibits a significantly higher
error count compared to the other two models. A
more granular analysis, including exhaustive defini-
tions and qualitative case studies for each category,
is provided in App. F.
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6 Conclusion

We introduce Omni-12C, a benchmark for Image-to-
Code generation characterized by its breadth across
languages and subjects, and its depth in evaluation.
By decoupling visual fidelity from symbolic pre-
cision, Omni-I2C exposes critical bottlenecks in
12C mapping. Our results reveal a significant per-
formance gap even among frontier LMMs, estab-
lishing a substantial challenge to guide the devel-
opment of more robust, visually-grounded multi-
modal agents.

7 Limitation

Despite its multi-faceted evaluation design, Omni-
12C is subject to several limitations. Omni-12C cur-
rently lacks natural scene images, a common gap
in Image-to-Code research that hinders the evalua-
tion of LMMs in generalizing to real-world visual
complexities. Also, the dual-dimension evaluation
relies on LLM/LMM-as-a-judge, which introduces
non-negligible API costs and potential latency, lim-
iting its scalability for rapid iterative testing. Future
iterations of Omni-12C will aim to bridge the “nat-
ural image gap” and investigate hybrid evaluation
paradigms that balance semantic accuracy with re-
source efficiency, thereby setting more rigorous
benchmarks for the community.
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A Updated Benchmark and Evaluation
Protocol

With the rapid iteration of frontier proprietary mod-
els and our continued investigation, we make a
minor update to the benchmark and evaluation
pipeline. Specifically, we refine a small portion
of the benchmark and revise several components of
the evaluation protocol, yielding a more rigorous,
fair, and reliable assessment framework.

Under the revised benchmark and evaluation
framework, the results in the main table are up-
dated in Tab. 6.

Compared with the original version, the absolute
values in the main table change due to the stricter
benchmark filtering and the refined modality-aware
evaluation setup. More details are shown as fol-
lows.

A.1 Benchmark deduplication and minor
taxonomy refinement

After a more detailed benchmark-level analysis,
we removed 50 potentially redundant instances, re-
ducing the benchmark size from 1,130 to 1,080;
this accounts for only a small fraction of the full
benchmark. Meanwhile, we slightly refined the tax-
onomy, increasing the number of figure types from
43 to 45. These changes constitute a minor update
and do not alter the underlying task definition or
intended benchmark scope.

A.2 Refined Evaluation Protocol for HTML
and SVG

We also refine the modality-specific evaluation pro-
tocol to improve fairness.

HTML prompting refinement For a subset of
HTML instances whose ground-truth implemen-
tations are rendered with the ECharts library, we
found in subsequent optimization experiments that
it is more appropriate to explicitly mention ECharts
in the inference prompt. We therefore updated the
HTML prompting condition so that the generation
setup is better aligned with the underlying ground-
truth implementation.

SVG evaluation/rendering refinement For the
SVG portion of the benchmark, we adopted a fairer
and more reasonable evaluation protocol, for ex-
ample, by predefining the background color during
SVG rendering to ensure a more reliable evaluation.
This update yields more faithful rendering behav-
ior during evaluation and better reflects the models’

actual performance on SVG code generation. The
SVG task definition itself remains unchanged.

Overall, these changes make the evaluation
more consistent across modalities and reduce con-
founding factors caused by execution environments
rather than model capability.

A.3 Checklist-based Symbolic Evaluation

A key challenge in LLM-as-judge evaluation is
the inherent stochasticity of generative models, es-
pecially when the judge is asked to assess code
quality in an open-ended manner. This issue is par-
ticularly pronounced in symbolic code-level evalua-
tion, where small variations in judge reasoning can
lead to unstable judgments on functional correct-
ness and parameter accuracy. A common solution
is the Direct GT-to-Code protocol, where the judge
compares the predicted code against the ground-
truth implementation holistically, and directly in-
fers whether the functional logic and fine-grained
parameters are correct. However, in the absence
of explicit instance-level criteria, the judge relies
on holistic code-to-code comparison, which may
introduce extra ambiguity and reduce consistency
across runs.

To address this issue, we adopt a checklist-
based symbolic evaluation protocol. For each in-
stance, we pre-define a deterministic checklist con-
sisting of functional logic blocks and fine-grained
parameters. The reference functional units and pa-
rameters are first extracted from the ground-truth
code using a strong LLM and then manually veri-
fied and modified. During evaluation, the LLM
judge no longer performs holistic code-to-code
comparison; instead, it serves only as a structured
parser that checks whether these fixed requirements
are correctly implemented in the predicted code.
This design reduces evaluation ambiguity and im-
proves stability, interpretability, and reproducibil-
ity.

To quantitatively compare the two protocols, we
conduct a 10-run variance analysis on a fixed set
of model outputs, evaluating both the original Di-
rect GT-to-Code protocol and our checklist-based
protocol. The results are summarized in Tab. 7.
Compared with Direct GT-to-Code protocol, the
checklist-based protocol consistently yields lower
variance on all metrics. In particular, it reduces
the variance of Logic Score from 8.288 to 7.414
(10.6%), and the variance of Parameter Score
from 30.605 to 5.544 (81.9% ).

These results show that anchoring symbolic eval-
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Table 6: Updated main results on Omni-I2C. Exec. denotes Execution Rate. For SMILES, we report Exec. and
Tanimoto Similarity (T.S.) score. Best results in each category are bold, second best are underlined for proprietary

models and open-weight models.

Model | Overall(1080) | HTML(166) | LaTeX(265) | Python(357) | SVG(192) | SMILES(100)
‘Snmc Spara Simg‘Exec‘Sfunc Spara Simg‘EXEC ‘Sfunc Shara Simg‘Exec‘Smnc Spara Simg EXEC‘Sfunc Shara Simg‘EX‘?C‘T-S-‘ Exec
Proprietary Models
Claude Sonnet 4.5 604 408 76.7|97.2] 672 553 842|994 | 477 294 668|928 625 41.0 81.0|989| 68.1 440 758 [100.0|59.4| 94.0
GPTS5.1 60.7 409 741 |927| 674 552 842|994 | 469 280 552 (84.5| 633 429 819|947 69.1 425 769 (100.0[49.0| 82.0
Gemini 3 Pro 622 414 76.1 |92.8 | 68.9 560 862|982 | 472 272 565|834 626 422 81.9(950| 763 47.0 83.7 [100.0(48.0| 87.0
Gemini 2.5 Pro 584 396 712(89.3| 615 549 80.8|988 | 450 269 525|72.5| 620 409 807 (933|676 41.6 711|990 |756| 850
Average 604 407 745(93.0| 662 554 83.8|99.0 | 467 279 57.8 833|626 418 81.4(955| 703 438 769 | 99.8 |58.0| 87.0
Open-Weight Models

InternVL3_5_241B_A28B-Instruct | 50.8 362 66.5 953|556 519 76.6 | 988 | 362 255 54.5[90.6| 559 363 73.8|94.4| 573 375 61.1|100.0|689| 96.0
InternVL3_5-38B-Instruct 375 302 522(90.2|40.6 466 61.8|91.0 | 223 21.0 386 |87.2| 440 277 59.2(87.1|43.6 335 49.7 [ 99.0 |58.8| 94.0
InternVL3_5-8B-Instruct 286 24.1 423 (884367 402 565|976 | 141 168 346 |89.1| 341 206 458 (779|312 268 342|990 |48.1| 87.0
Qwen3-VL-235B-A22B-Instruct | 57.0  39.9 70.0 | 93.8 | 654 543 793 [100.0| 46.2 30.1 60.6 | 90.2 | 57.1 394 724|905 | 64.6 420 704 | 99.5 [66.9| 94.0
Qwen2.5-VL-72B-Instruct 460 342 598 (927|520 514 723 (1000|344 256 533 |92.8| 494 322 640 (885|504 348 502|995 298| 820
Qwen3-VL-32B-Instruct 534 379 629 |887|620 540 740 [1000| 40.6 249 51.0|81.1|53.1 371 650 |84.6| 642 434 657 (100.0(51.6| 83.0
Qwen3-VL-8B-Instruct 466 336 53.8 (855|591 516 709|976 |338 227 384|751 467 31.1 586|821|533 37.6 515|990 |534| 850
Qwen2.5-VL-7B-Instruct 304 259 415(787(39.0 452 599|940 | 170 148 29.6 | 657 | 347 225 460 (787|337 30.6 338|995 |153| 510
Gemma3-27B-Instruct 335 265 45.1 (783|398 450 621|994 | 120 137 21.8 528|409 245 523 (826|441 317 49.1 | 995 |23.1| 550
Average 426 321 549 (880|500 489 682|976 |285 217 425|805 462 302 597 (852|492 353 517|994 |462| 80.8
Table 8: Judge agreement and alignment to majority

uation to fixed, verifiable checklists effectively mit-
igates the stochasticity of LLM judges. We there-
fore adopt the checklist-based protocol for the up-
dated evaluation reported in this appendix.

Table 7: Stability analysis: Comparison of Mean Vari-
ance (over 10 runs) between Direct GT-to-Code and
Checklist-based method.

Method Metric Mean Var. Improv.
Direct GT-to-Code Logic Score 8.288 -
Our Checklist Logic Score 7.414 10.6%
Direct GT-to-Code Param Score 30.605 -
Our Checklist Param Score 5.544 81.9%

A4 Judge Model Update for Code-level
Evaluation

With the rapid evolution of frontier LLMs, we
revisit the choice of the code-level judge in the
updated evaluation. In particular, we include the
newly available GPT 5.3 codex in the candidate
pool and re-evaluate judge reliability to identify a
more suitable model for symbolic code-level as-
sessment.

To this end, we compare three frontier mod-
els—Claude Sonnet 4.5, Gemini 2.5 Pro, and
GPT 5.3 codex—Dby eliciting rankings over 1,080
instances across three target models (InternVL
3.5-8B-Instruct, Qwen2.5-VL-72B-Instruct, and
Qwen3-VL-235B-A22B-Instruct). We then con-
struct a Majority-Vote (MV) ranking as a sil-
ver standard for expert consensus. As shown in
Tab. 8, the judges exhibit high overall agreement
(Kendall’s W = 0.76, mean Kendall’s 7 = 0.63,
and mean Spearman’s p = 0.67). Moreover, the
disagreements remain small in magnitude, with a

vote (MV). All values are computed over 774 indices
and reported as mean=std unless otherwise noted. MV
align is the composite alignment to the MV ranking,
defined as (7 + p), where 7 is Kendall’s 7 and p is
Spearman’s p against MV.

Per-judge vs MV
MYV align 1

0.8482 (7=0.8335, p=0.8629)
0.7556 (7=0.7368, p=0.7743)
0.8517 (7=0.8390, p=0.8643)

Code Judge

Claude Sonnet 4.5
Gemini 2.5 Pro
GPT 5.3 codex

Closest to MV (count/%) 1

276/ 35.62%
215/27.80%
283/36.58%

Overall (all judges)

0.7618 £ 0.2482

0.6315 £ 0.3668

0.6781 £ 0.3660
0.58

Kendall’s W 1
Kendall’s 7 1
Spearman’s p 1
Rank range (mean) |

mean rank range of 0.58, indicating that most dis-
crepancies are limited to local swaps rather than
systematic inversions. We further evaluate each
judge’s alignment with the MV ranking. GPT 5.3
codex achieves the highest fidelity to the consen-
sus, with an MV align score of 0.8514 (7 = 0.8390,
p = 0.8643). On a per-instance basis, it is also the
judge most frequently closest to the MV ranking,
accounting for 36.58% of all cases and outperform-
ing the other candidates.

Based on these results, we adopt GPT 5.3 codex
as the code judge in the updated evaluation. This
result suggests that, under the revised symbolic
evaluation setting, newer code-specialized frontier
models can provide a stronger proxy for consensus-
based judgment.

A.5 More Discussions about the Updated
Main Results

The updated main results in Tab.6 reveal a more
differentiated pattern of model strengths. Among
proprietary models, Claude Sonnet 4.5 achieves the
highest execution rate (97.2%) and shows particular
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strength on LaTeX, Gemini 3 Pro leads on code-
level metrics (Sfunc, Spara) and performs strongly
on HTML and SVG, while GPT 5.1 remains the
strongest model for Python generation. The re-
vised results also make LaTeX the clearest bottle-
neck in Omni-I12C, with all models showing a more
pronounced performance drop on this task, espe-
cially at smaller scales. By contrast, SVG appears
less difficult than in the previous version under the
refined protocol, suggesting that the updated ren-
dering and evaluation setup provides a more faith-
ful estimate of model capability. The updated re-
sults also echo the findings in open-weight models:
although scaling remains beneficial, architectural
improvements can outweigh parameter count, as
reflected in the consistent advantage of Qwen3-VL-
32B over Qwen2.5-VL-72B and the particularly
strong LaTeX performance of Qwen3-VL-235B.

Overall, these updates refine the empirical
picture without changing the main takeaway,
and we recommend the updated benchmark and
evaluation pipeline for future use.

B Dataset Details

This part provides exhaustive details regarding our
data sourcing, the principles of curation, the human-
centric annotation pipeline, figure type taxonomy
and data rewriting details.

B.1 Data Composition and Sourcing

The construction of Omni-12C follows a hybrid
approach, integrating high-fidelity real-world sam-
ples with logically rigorous synthetic data to bal-
ance ecological validity and structural complexity.
To ensure ethical and legal rigor, all real-world
instances are exclusively curated from publicly
accessible platforms under permissive licenses or
copyright-free terms, ensuring full compliance for
academic research and redistribution.

Real-world Data Sourcing To reflect the diver-
sity of practical applications, we systematically
curated samples from 12 representative platforms.
These sources span a wide range of subjects and
visual modalities, providing a robust foundation for
evaluating real-world performance. A comprehen-
sive list of these platforms and their corresponding
URLs is provided in Tab. 9.

Synthetic Data Integration and Refinement In
addition to original collections, we incorporate se-
lected data from existing benchmarks (Yang et al.,

2024, 2025) to further broaden our scope. Recog-
nizing that raw synthetic data often lacks the nec-
essary complexity or suffers from fidelity issues,
we implemented a rigorous re-processing pipeline.
This refinement procedure involves code refactor-
ing and visual alignment.

Table 9: Comprehensive list of real-world data sources.

Source URL

https://matplotlib.org/stable/gall
ery/index.html
https://networkx.org/documentation
/stable/auto_examples/index.html
https://plotly.com/python/
https://altair-viz.github.io/galle
ry/index.html
https://python-graph-gallery.com/

://tikz.net/
://www.overleaf.com/gallery
https://texample.net/
https://ctan.mirrors.hoobly.com/gr
aphics/pgf/contrib/pgfplots/doc/pg
fplots.pdf

Category

Python

https

LaTeX https

https://echarts.apache.org/example
s/zh/index.html
https://www.highcharts.com/demo

HTML

SVG https://commons.wikimedia.org/wiki

/Main_Page

B.2 Data Collection Principles

To ensure the quality and diagnostic value of Omni-
12C, we adhere to three core curation principles
during the real-world data collection process:
Structural Correspondence. We enforce strict
congruence between code snippets and their ren-
dered outputs. Every visual component must be
directly traceable to specific logical blocks within
the code.

Code Idiomaticity. We prioritize implementations
that utilize standard and idiomatic libraries (e.g.,
Matplotlib in Python or standard TikZ libraries).
By avoiding obscure or idiosyncratic syntax, we
ensure that the evaluation focuses on the model’s
fundamental perception, reasoning and coding ca-
pabilities rather than its familiarity with “edge-case”
language usage, thereby minimizing confounding
variables during execution.

Logical Non-triviality. Our selection process fa-
vors visualizations with high structural and compo-
sitional complexity. We deliberately exclude rudi-
mentary geometric primitives—such as isolated tri-
angles or squares—in favor of multi-layered scien-
tific plots, intricate symbolic notations, and nested
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https://matplotlib.org/stable/gallery/index.html
https://matplotlib.org/stable/gallery/index.html
https://networkx.org/documentation/stable/auto_examples/index.html
https://networkx.org/documentation/stable/auto_examples/index.html
https://plotly.com/python/
https://altair-viz.github.io/gallery/index.html
https://altair-viz.github.io/gallery/index.html
https://python-graph-gallery.com/
https://tikz.net/
https://www.overleaf.com/gallery
https://texample.net/
https://ctan.mirrors.hoobly.com/graphics/pgf/contrib/pgfplots/doc/pgfplots.pdf
https://ctan.mirrors.hoobly.com/graphics/pgf/contrib/pgfplots/doc/pgfplots.pdf
https://ctan.mirrors.hoobly.com/graphics/pgf/contrib/pgfplots/doc/pgfplots.pdf
https://echarts.apache.org/examples/zh/index.html
https://echarts.apache.org/examples/zh/index.html
https://www.highcharts.com/demo
https://commons.wikimedia.org/wiki/Main_Page
https://commons.wikimedia.org/wiki/Main_Page

UI components that require deep, multi-step rea-
soning to synthesize.

For synthetic data integration, our primary objec-
tive is to mitigate the data sparsity inherent in natu-
ral distributions. We strategically employ synthetic
samples to supplement underrepresented or unseen
categories identified in the real-world corpus, en-
suring that the benchmark remains balanced across
diverse subjects and programming paradigms.

B.3 Human Annotation Pipeline

The integrity of our 1,130 benchmark samples is
guaranteed by a multi-stage human-in-the-loop pro-
cess.

Annotator Background We recruit 9 undergrad-
uate students majoring in Computer Science or Ar-
tificial Intelligence. All participants had undergone
basic research training and possessed prior expe-
rience in Python or web development, providing
the necessary technical literacy for high-quality
curation.

Training and Standardization To ensure inter-
annotator consistency, we conducted a rigorous
training session prior to the mass annotation phase.
Annotators are briefed on the “Structural Corre-
spondence” requirement and trained on specific
taxonomic guidelines to minimize ambiguity. A
prime example of our classification protocol in-
volves distinguishing between Analytic Geometry
and Function-related. We enforced a strict math-
ematical definition: a Function-related is defined
by the property that every x value corresponds to a
unique y value (i.e., the vertical line test), whereas
Analytic Geometry figures are not bound by this
constraint. Cases with ambiguous classifications
are adjudicated through a majority voting mecha-
nism among senior annotators.

Following these protocols, annotators utilized
a custom-built data collection platform that syn-
chronizes code editing with real-time rendering
to enforce a unified metadata schema. Upon up-
loading the source code and corresponding visual
artifacts, annotators labeled each entry across three
hierarchical dimensions: Subject, Figure Type, and
Code Type.

B.4 Figure Type Taxonomy

To rigorously evaluate the model’s code generation
performance across diverse visual scenarios, Omni-
I2C incorporates a granular classification system.
Currently, Omni-I12C encompasses 43 figure types,

Figure 5: Examples of LLM-based code restructuring
with foreground and numerical perturbations.

Figure 6: Comparison between original images and
human-refined samples with modified key attributes.

covering core visual expressions in scientific re-
search, engineering design, data analysis, and pro-
fessional education.

The specific categories include: relationship-
diagram, line-graph, molecular-formula, tables,
bar-chart, plane-geometry, flow-chart, analytical-
geometry, circuit, 3d-plot, equations-texts, scatter-
plot, pie-chart, function-related, solid-geometry,
schematic, heatmap, Area, radar-chart, Tree,
Quiver, error-bar, venn-diagram, atom-model, Con-
tour, box-chart, free-body-diagram, error-point,
Density, map, Violin, Histogram, optics-ray-
diagram, cell-structure, Graph, Algorithms,
multi-graph, Phase-Diagram, block-diagram,
physiological-process, magnetic-field-line and
anatomy-diagram. Sparse or ambiguous categories
are aggregated into a miscellaneous group to
maintain statistical rigor.

We provide illustrative examples for these image
types in Fig. 23, Fig. 24, and Fig. 25.

B.5 Data Rewriting and Leakage Mitigation

To mitigate the risks of data leakage and model
memorization, we implement a rigorous data rewrit-
ing pipeline consisting of three primary stages:
First, we leverage LLMs to refactor the code’s
structural and stylistic attributes, such as layout
and aesthetic parameters, ensuring the code devi-
ates from its original online form while preserving
the target visualization’s core logic. Second, we
manually modify key visual attributes, including
label coordinates, color schemes, and textual con-
tent, to further distance the samples from their raw
source. Finally, we deliberately substitute meaning-
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Figure 7: Visualization of counterfactual labels used to
decouple perception from language priors.

r# Role \

You are an expert LaTeX and TikZ Visualization Specialist.

# Task

Rewrite the provided LaTeX code to create a NEW dataset sample.

Your goal is to prevent data leakage (memorization) while STRICTLY maintaining
the semantic logic of the “fsubject}’ domain and the visual structure of a
“{image_type}’ .

# Constraints & Rules
1. #xSafety Check (Critical):## -
tags.
- weCheck 1 (Image Type):#x If the code logic clearly contradicts the Image
Type '{image_type}’' (e.g., cede draws a generic math function plot but type is
‘circuit'), output ONLY: “<CTAG_MISMATCHD>' .
- #xCheck 2 (Subject):»+ If the code content is completely unrelated to or

Analyze the content inside the "<latex_code>"

contradicts the Subject '{subject}' (e.g., Subject is 'Chemistry' but code draws a
computer netwark topology; Subject is 'Economics' but code draws a molecular
structure), output ONLY: “<<TAG_MISMATCH>>".

2. #*Rewriting Strategy (TikZ Focus):*x
- ##Visuals (Foreground Only):## - Change stroke/fill colors (use ‘xcolor’
definitions like “blue!8Biblack’, “teal'), line widths, arrow styles (“-stealth’),
and node shapes .

- ##CRITICAL CONSTRAINT (Background):=x #DD NOT CHANGE THE BACKGROUND
COLOR.# Da NOT use “\\pagecolor{{...}}'. Do NOT add a background rectangle f£ill
The background must remain default (white/transparent).

- *#CRITICAL CONSTRAINT (Contrast):* Ensure all new colors for text,
lines, and borders have **HIGH CONTRAST** against a white background. Avoid
“yellow', *

- ##Context:#* Rename node labels to synonymous terms suitable for
*fsubject}’.

- #sMath:#* Modify coefficients or values in equations (e.g., change
“$y=x"2$" to '$y=2x"2-1$) BUT ensure the equation remains valid LaTeX.

3. #»Robustness:*s
- Ensure the output is a complete, compilable LaTeX document starting with
“\\documentclass® and ending with “\\end{{document}}".
- Do NOT omit the preamble (usepackage, tikzlibrary).

# Input Data
To ensure you read the full context, note the metadata first:
- wxSubject i+x {subject}

- %+Inage Type:** {image_type}

w#xSource Code:**
<latex_code>
{code}
</latex_code>

# Output
Provide ONLY the rewritten LaTeX code.

)

Figure 8: The systematic prompt utilized for guiding
the LLM in code rewriting and consistency checking.

N\

ful text with nonsensical or counter-factual strings
to decouple visual perception from linguistic priors,
forcing models to rely strictly on visual grounding
rather than common-sense guessing.

Ilustrative examples of LLLM refactoring, man-
ual modification, and counter-factual injection are
shown in Fig. 5, Fig. 6, and Fig. 7, respectively.
The specific prompt employed for LLM-based
refactoring is detailed in Fig. 8.

C Setups

C.1 Inference Setups

We evaluate 5 proprietary and 8 open-weight mod-
els in our study. We employ greedy decoding and
the maximum generation length is 16,384 tokens
for all models. For Gemini 2.5 pro, Gemini 3 pro

and GPT 5.1, we configure the “thinking effort” to
the “minimal”.

C.2 Evaluation Setups

Details of Visual Perceptual Fidelity. To en-
sure that the Visual Perceptual Fidelity (Sing)
metric reflects the specific requirements of vari-
ous technical domains, we implement a Domain-
Aware Weighting Mechanism. Rather than ap-
plying a uniform average across all evaluation di-
mensions, this approach dynamically adjusts the
importance of different visual axes based on the
subject matter and figure archetype. The final
score Sjmg (on a 100-point scale) is calculated by
Simg = (O_si x w;) x 10, where s; € [0,10]
represents the raw score for each axis and w; de-
notes the percentage weight. The four assessment
axes include: Composition Integrity (Scomp), eval-
uating global spatial distribution; Textual Legibil-
ity (Steqt), assessing label and symbolic accuracy;
Entity Existence (Sentity), €nsuring critical visual
primitives are present; and Stylistic Consistency
(Sstyle), measuring aesthetic attributes like color
and line styles.

The assignment of these weighting profiles fol-
lows a hierarchical mapping logic. The Charts
& Plots profile is applied to archetypes such
as line-graphs, bar-charts, pie-charts, scatter-
plots, 3d-plots, and function-related visualiza-
tions. The Geometry profile encompasses plane-
geometry, solid-geometry, and analytical-geometry,
where coordinate-based properties are central.
Archetypes defined by structural connectivity, in-
cluding flow-charts, schematics, circuits, and
relationship-diagrams, are mapped to the Diagrams
profile. The Chemistry profile is assigned to
chemistry-related subjects to prioritize molecular
topology; for Math subjects, items containing tabu-
lar structures are evaluated under the Tables profile,
while others are mapped to the Equations profile
to emphasize formula rendering.For instances not
covered by these archetypes, they will be processed
with default profile. The specific weight configura-
tions are detailed in Tab. 10.

The rationale for this design is rooted in human
check, as different image types prioritize different
visual elements—for instance, structural connec-
tivity is paramount for molecular formulas, while
grid alignment is critical for tables. The prompt
template employed to evaluate the visual percep-
tual fidelity (Sjy,4) of LMMs within the Omni-12C
framework is presented in Fig.9.
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Table 10: Domain-specific weight configurations (w;)
for Simg. Weights are assigned based on a mapping of
figure types and subjects to prioritize domain-critical
features.

Profile Comp. Text Ent. Sty.

(Weomp) (Wtext) (Wentity) (Wstyle)

Charts & Plots  30%  20% 35% 15%

Geometry 30% 15% 35% 20%
Diagrams 30%  20% 35% 15%
Tables 35%  35% 15% 15%
Equations 30%  35% 20% 15%
Chemistry 30%  20% 35% 15%
Default 25%  25% 25% 25%

paradigms—their evaluations remain more consis-
tent with human preferences than traditional non-
LMM metrics. This suggests that, despite their
inherent limitations, our LMM-based metric serves
as a reasonably strong and practical proxy for hu-
man judgment in the context of fully automated
evaluation.

Table 11: Correlation analysis between automated met-
rics and human preferences. Results show that our
LMM-based metric provides a more consistent proxy
for human judgment compared to traditional non-LMM
baselines.

You are a Senior Visual QA Auditor.
Your goal is to assess the rendering alignment between a Reference image and a Candidate
image. Focus ONLY on visual fidelity and user perception

### 1. Context
- Domain: {subject} / {figure_type}
- Rendering Format: {code_type}

### 2. Scoring Instructions (@-10)
Assign raw scores for the following 4 dimensions based on the **Pre-defined Weightsws.
Directly evaluate the images based on the following anchors and critical guidelines.

**Important: All scores must be integers (whole numbers) from @ to 1@. Do not use decimal
values.**

*xScoring Anchors:*x
- 9-10: Pixel-perfect, virtually indistinguishable.

- 7-8: Minor stylistic flaws but functionally identical

- 4-6: Significant errors in alignment or text that impact readability.
- 0-3: Structural collapse or missing key data.

#xCritical Scoring Guidelines:*x
- w+Textual Tolerancex*: Focus on semantic accuracy. **D0 NOT** penalize for logical line
breaks, indentation, or hyphens used for text-wrapping (e.g., "Su-plex" vs "Suplex") unless
they alter meaning.

- #*xStructural Penaltys: If the Candidate exhibits "Structural Collapse" (e.g., extreme
stretching, unreadable scaling, or complete loss of layout), you **MUSTx* cap the scores for
Dim 1 and Dim 3 below 40.

*xEvaluation Dimensions:*x
* Dim 1: Composition & Spatial Integrity (Weight: {w_comp}%
* Dim 2: Symbolic & Textual Legibility (Weight: {w_text}%)
* Dim 3: Entity Existence (Weight: {w_entity}%

* Dim 4: Stylistic Consistency (Weight: {w_style}%

### 3. Output Format (JSON Only)
8

"evaluation_details": {{

"composition_integrity": {{ "raw_score": [integer 8-10], "comment": "Reasoning for the
score." }},

"textual_legibility":  {{ "raw_score": [integer 0-10], "comment": "Reasoning for the
score." 3},

"entity_existence": {{ "raw_score": [integer @-10], "comment": "Reasoning for the
score." }},

"stylistic_consistency": {{ "raw_score": [integer 0-10], "comment": "Reasoning for the
score." ¥

3

**Note: All raw_score values must be integers (@, 1, 2, ..., 10). The final weighted score
will be converted to a percentage (8-100).x%

.

Figure 9: Prompt of Visual Perceptual Fidelity

Prompts for Image-level Evaluation. We detail
the template prompts used in Tab. 3 in Fig.11.
Comparison with non-LMM Maetrics. To further
validate the effectiveness of our LMM-based evalu-
ation, we incorporate traditional non-LMM visual
similarity metrics as baselines, including LPIPS,
SSIM, and CLIP Score. We conduct our exper-
iments across three representative models: Gem-
ini 2.5 Pro, Qwen3-VL-235B-A22B-Instruct, and
InternVL3.5-8B-Instruct.

Following the protocol described in the main
paper, we conduct a human preference analysis
for these metrics, and the results are summa-
rized in Tab 11. As shown, while LMM-based
judges may exhibit certain biases—a recognized
limitation of current fully automated evaluation

Metric Kendall’s 7+ Spearman’s p T RMSE |
LPIPS 0.2717 0.3024 0.9401
SSIM 0.1155 0.1298 1.0526
CLIP Score 0.4414 0.4831 0.7994
Ours 0.8304 0.8681 0.4284

Details of Symbolic Functional Precision. To im-
plement the Symbolic Functional Precision metrics,
we formulate a structured evaluation prompt that
leverages an LLM to serve as an Expert Code Logic
Analyst. We employ the Python-specific prompt
(detailed in Fig. 10) as an example to illustrate the
underlying evaluation logic.

D Human Study

To assess the biological plausibility and reliabil-
ity of our visual perception metrics, we conduct
a human alignment study in Tab. C.2. Ten gradu-
ate researchers specializing in Computer Science
and Al are recruited as annotators. To ensure high
inter-rater consistency, all participants undergo a
standardized training session prior to the formal
annotation process.

From our benchmark, we curate a representative
subset of 100 samples; each annotator indepen-
dently ranked 50 randomly assigned cases. We
selected Gemini 2.5 Pro, Qwen3-VL-235B-A22B-
Instruct, and InternVL3.5-8B-Instruct for evalua-
tion, as they represent a broad spectrum of model
architectures and performance tiers, providing a
clear basis for alignment testing. The annotation is
performed in a double-blind manner: model identi-
ties are strictly anonymized, and the display order
is randomized (see Fig. 18).

This process yielded 500 individual judgments,
which are subsequently aggregated to form a con-
sensus ground-truth ranking for the 100 samples.
We employed Kendall’s 7, Spearman’s p, and
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# Role

You are an expert Code Logic Analyst and Image Reconstruction Auditor. Your task is to compare two
Python code snippets:

1. *#6round Truth Code (6T):** The original source code with logic comments

2. *xGenerated Code (6en):** Code generated to reproduce the image.

# Objective

Evaluate the **Functional Consistencysx between the two codes across two dimensions: Logic and
Parameters.

* wxFocus:*x Core logic, visual elements (quantity/category), data transformation methods, and key
constants.

* xxIgnore:«+ Boilerplate settings like ‘figsize', ‘dpi', ‘savefig" paths, or minor style differences
(e.g., exact color hex codes) *¥unless they change the semantic meanings.

# Execution Protocol (Mandatory)

To ensure scoring consistency, you must follow these steps in order:

1. %#6T Decomposition:#x Analyze the 6T code first. Identify and count all distinctive "Functional
Units" (Logic) and "Key Parameters" (Data). Establish the total counts ($N_{{logic}}$ and
$N_{{var}}s).

2. xGen Comparison:*x Evaluate the Gen code by cross-referencing it against the specific list
derived from the 6T.

# Evaluation Criteria

### 1. Logic Evaluation

% sxFunctional Units:x Distinct logical steps, loop structures, coordinate calculations, or
rendering methods.

% wxPenalty:** If Gen hardcodes a value that 6T derives through logic/calculation, count it as 0
implementation for that unit.

### 2. Parameter Evaluation

% wxKey Parameters:*x Specific constants, coefficients, exponents, variable names, and critical
coordinates.

* xxSemantic Attributes:*x Only evaluate attributes (like Color or Labels) if they are essential for
identifying data series or categories.

# Scoring Rules
For both streams, identify the total count in 6T (N) and the matched count in Gen (M):

1. %xLogic Score (N_logic, M_logic):*

* %#N_logic:*+ The total number of Functional Units identified in 6T.

* %#l_logic:*+ The count of units successfully implemented in Gen.

% xxPrecision:» Partial matches (e.g., correct intent but slightly flawed implementation) are
allowed and scored as %0.5%«. This metric is a »xFloatx.

2. *xParameter Score (N_var, M_var):*x

* %#N_var:%* The total number of *¥Essential¥* Variables/Parameters identified in 6T (excluding
typography/spacing) .

* *xh_var: %% The count of parameters that match exactly in Gen.

% *xPrecision:¥* Parameters must match exactly. Any mismatch results in 0. This metric must be an
*xIntegerx.

# Output Format (JSON Only - CRITICAL)

**IMPORTANT: You must output ONLY a valid JSON object. Do NOT include any markdown code blocks,
explanations, or other text before or after the JSON. Start your response directly with {{ and end
with 3}.ax

H
"logic_evaluation": {{
"reasoning”: "Identify missing environments, structural mismatches, or layout logic errors based
on 6T intent.",
"metrics": {{
"gt_total_functions": <Integer: Total structural/logical units (N_logic) in 6T>,
"gen_implemented_functions”: <Float: Units matched (W_logic) in Gen; partial match .5
allowed>,
"logic_score": <Float: (gen_implemented_functions / gt_total_functions) * 100>

3,
"parameter_evaluation®: {{

“reasoning”: "Identify specific incorrect constants, coefficients, exponents, variable names, or
coordinate errors. Note: Color is evaluated only if it carries semantic meaning; ignore minor
styling.",

"metrics": {{

"gt_total_parameters": <Integer: Total key variables/parameters (N_var) in 67>,
"gen_implemented_paraneters”: <Integer: Parameters matched exactly (M_var) in Gen; mismatch is
0>,
"parameter_score": <Float: (gen_implemented_parameters / gt_total_parameters) % 100>
B

1B
33
# 6round Truth Code:
i«
**UPYTHON
{gt_code}
b3
# Generated Code:

U PYTHON
fpred_code}

»
— J

Figure 10: Example Prompt of Symbolic Functional
Precision

RMSE as meta-evaluation metrics to quantify the
congruence between our automated scoring system
and human intuition.

E Extended Analysis of Prompting
Strategies

This section provides the exhaustive analysis and
qualitative observations for the five prompting
strategies discussed in Sec. 5.2. As established
in our benchmarking, the “pixel-to-program” map-
ping is highly susceptible to the structure of the
input prompt.

The Efficacy of Reasoning-Augmented
Generation. Strategies that encourage ex-
plicit reasoning—Self-Commentary and Hint-

Enhanced—consistently deliver the highest
performance gains. By asking the model to
produce a visual rationale before generating
code (Hint-Enhanced) or to interleave logic with
inline comments (Self-Commentary), we mitigate
translation errors from pixels to syntax. For
example, Gemini 2.5 Pro achieves its peak Sgync
(67.67%) with Self-Commentary, suggesting
that internalizing the “reasoning-then-coding”
workflow is vital for complex figure archetypes.
The Failure of Scaffold Prompting. Contrary to
its success in simpler spatial tasks, Scaffold prompt-
ing fails broadly on Omni-I2C. For models like
InternVL 3.5-8B, Stunc drops to nearly half of the
Direct baseline. Our analysis suggests that the
dot-grid overlay, while intended to aid grounding,
introduces significant visual noise. This interfer-
ence obscures fine-grained geometric textures and
symbolic notations, which are critical for the high-
precision requirements of our benchmark.
Few-Shot Prompting as a Formidable Baseline.
We find that Few-Shot prompting remains excep-
tionally competitive, often rivaling or surpassing
complex reasoning prompts for structured outputs
like HTML and LaTeX. GPT 4.1 mini exhibits its
largest gains here, exceeding the Direct baseline
by over 11 points in overall execution. This sug-
gests that for tasks with rigid syntactic patterns,
providing in-context examples is more effective
than prompting for abstract reasoning.
Robustness and Stability Gaps. The staggering
variance in performance—where a single change in
strategy can swing scores by 15-20%—highlights
a fundamental lack of inherent robustness in cur-
rent LMMs. This “prompt-dependency” indicates
that models are not yet capable of stable, zero-
shot code reconstruction for complex visual inputs,
necessitating carefully engineered “wrappers” to
elicit frontier-level performance. We provide the
prompting templates in Fig. 26.

F Extended Error Analysis

This section provides the exhaustive definitions and
specific failure manifestations for the five-tier tax-
onomy introduced in Sec. 5.3. These criteria are
strictly followed during our manual audit of 300
sampled instances to ensure a consistent and ob-
jective error analysis across all evaluated LMMs.
Code-level Logic Errors. This category encom-
passes instances where the generated code is syntac-
tically valid and executable but fails to implement
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Table 12: Studies on different prompting methods. The best results for each model are highlighted in bold. Values
exceeding and falling below the corresponding average are highlighted in red and blue, respectively.

Model | Methoa | Overall(1130) | HTML(182) | LaTeX(274) | Python(364) | SVG(210) | SMILES(100)
\ | Excc | Siune Spara Simg | Exec | Siune Spaa Simg | Exec | Sine Spara Simg | Exec | Stone Spara Simg | Exec | Sfune Spara Simg | Exec | TS

Direct 8832] 6639 5649 69.70| 99.45 | 7878 8509 74.57| 69.34] 5346 46.12 5240] 95.05| 7169 59.19 80.91|88.10 | 63.34 4057 68.62| 96.00| 81.99

Few-Shot | 86.73| 63.80 54.10 68.74| 98.90 | 77.76 81.48 7029|7336 | 5495 4644 56.81| 92.86| 68.17 56.01 80.44|78.10 | 5567 37.05 62.69| 97.00| 8093

Gemini2-5 Pro Scaffold 83.01| 5062 4257 51.65| 99.45 | 72.62 7747 63.78| 62.04| 39.17 3465 3543 | 86.81| 46.19 38.13 54.46| 9143 | 5419 3033 57.43| 79.00| 5241
Self-Commentary | 92.39| 67.67 5717 69.31| 9231 | 68.58 7541 61.99| 86.13| 62.28 53.76 57.91| 95.33| 70.72 58.53 79.93| 93.81| 68.62 4343 72.14| 96.00| 77.65

Hint-Enhanced | 87.79| 66.16 54.68 67.81| 98.90 | 7991 8378 7226| 72.26| 53.95 45.12 50.53| 93.41| 69.64 56.60 78.82| 90.00 | 64.16 38.60 67.41 | 85.00| 75.61

Direct 81334580 3583 5322 | 100.00] 6035 6586 61.61| 43.07| 2297 1725 26.72| 92.86| 5342 4270 70.88| 9143|4976 22.16 49.92 | 89.00| 53.03

Few-Shot | 92.03| 6283 50.91 59.14| 99.45 | 80.50 8391 6339| 86.13| 55.67 45.28 50.86| 93.68| 65.17 5348 72.29| 93.81| 52.82 2520 4347 85.00| 52.16

GPT 4.1 mini Scaffold 8283|3620 2897 4350| 98.35 | 55.08 5596 5427|4599| 18.68 14.25 2197 | 93.96|37.93 33.84 5549| 94.76| 39.70 1635 41.47| 90.00| 29.50
Self-Commentary | 84.96 | 48.50 37.95 57.92| 100.00| 63.51 67.25 6321| 5474 27.11 2120 3463 | 9451|5560 46.09 73.12| 91.90|50.92 2031 57.40| 91.00| 54.84

Hint-Enhanced | 8929 | 64.19 52.87 59.50 | 100.00 | 84.17 84.74 65.80| 78.10| 54.47 4504 42.96| 93.68| 66.59 55.07 73.52|87.62 | 5542 31.65 51.31 | 88.00 | 57.34

Direct 86.46| 5453 3898 5493 | 9341 [58.02 60.16 50.59| 71.17| 42.04 3855 4523 89.56 | 6641 3377 64.40 | 90.95[47.19 3023 54.93| 95.00| 67.99

Few-Shot | 87.35| 5670 39.83 56.85 | 98.90 | 65.57 63.18 55.85| 7555|4551 40.54 49.93| 91.76| 68.55 34.50 66.62 | 82.86|43.07 27.91 49.8192.00 | 67.45

Qwen3-VL-235B-A22B-Instruct | Scaffold 82.92| 42.16 28.85 4227 97.80 | 58.28 57.63 46.16 | 6241 | 30.15 27.08 31.03| 88.74| 47.43 21.40 48.52| 8524|3471 19.15 42.72| 86.00| 37.89
Self-Commentary | 87.26| 55.15 39.61 55.90 | 96.15 | 60.31 59.82 52.59 | 71.90| 4137 37.73 4635| 92.86| 68.16 36.75 66.76 | 8667 | 46.09 29.50 5239 | 94.00| 68.25

Hint-Enhanced | 85.84| 59.27 41.94 5525 | 97.80 | 6740 67.17 5550 | 64.96 | 4349 38.82 42.26| 90.66| 72.10 3711 65.62 | 9048| 50.57 32.52 54.00| 94.00| 66.86

Direct 7177|2343 2075 2823| 97.25 | 4001 4221 3887 40.88[ 11.49 11.35 17.52| 71.98] 2257 23.05 3422|8095 26.13 1044 22.60| 90.00| 50.63

Few-Shot | 7115| 22.02 21.56 28.08 | 100.00 | 43.99 44.18 42.53| 54.01| 1693 17.61 25.09| 70.60| 23.05 23.60 34.98| 60.00| 7.82 3.56 7.5 |91.00 | 50.00

InternVL3.5-8B-Instruct Scaffold 67.70| 11.64 965 11.88| 9615 | 1836 1668 14.38| 40.15| 562 444 623 | 62.64| 1147 12.64 1653| 80.00| 1396 517 9.2 | 84.00 | 13.02
Self-Commentary | 76.81| 25.01 2177 29.39| 97.25 | 39.57 4276 37.96| 47.08| 1236 1247 1832| 76.65| 24.12 24.29 3572|9143 | 30.44 11.34 2543| 91.00| 4975

Hint-Enhanced | 72.65| 2521 2136 28.52| 9890 | 41.97 4221 38.53|48.54| 1252 1301 1955| 71.98| 24.54 2305 34.81| 77.14| 2842 1124 20.67| 84.00| 4525

Direct 8197 47.54 3802 5152|9753 [ 5929 6333 5641[56.11|3249 2832 3547 | 87.36 | 53.52 39.68 62.60 | 87.86 [46.60 25.85 49.02[92.50 | 63.41

Few-Shot | 8431 | 51.34 41.60 5320 | 9931 |66.95 68.19 58.02 7226|4327 37.47 4567 |87.22(5623 4190 63.58 | 78.69 [ 39.84 23.43 40.87 | 91.25 | 62.64

Average Scaffold 7912|3516 2751 3732 | 97.94 | 51.00 51.94 44.65 (5265 | 23.41 20.10 23.67 [ 83.04 | 3576 26.50 43.75|87.86 | 35.64 1775 37.66 | 84.75 | 33.20
Self-Commentary | 85.35 | 49.08 39.12 53.13 | 9643 |57.99 6131 53.94|6496 |3578 3129 3930 | 89.84 | 54.67 4141 63.88 | 9095 |49.02 26.14 51.8493.00 | 62.62

Hint-Enhanced | 83.89 | 53.71 4271 5277 | 98.90 | 68.36 69.47 58.02 | 65.97 | 41.11 3550 38.83 [ 8743 (5822 4296 63.19 | 8631 |49.64 28.50 48.35 | 87.75 | 61.27

the intended visual logic. Common manifestations
include the misconfiguration of library-specific pa-
rameters (e.g., incorrect Matplotlib axis scales or
plot types) and the inclusion of non-functional code
blocks that, while error-free, result in blank or se-
mantically distorted renderings. This failure mode
highlights a “logic-intent” gap, where the model
maintains syntactic fluency but cannot map visual
requirements to the appropriate programmatic at-
tributes.

Textual Precision Errors. These failures center on
Optical Character Recognition (OCR) and string
formatting accuracy within the code. Typical issues
include the misidentification of alphanumeric char-
acters—particularly in high-density labels—and
the misparsing of complex symbolic notations such
as LaTeX subscripts, superscripts, and Greek let-
ters. Such errors lead to illegible or factually incor-
rect text in the final rendered output.

Entity Integrity Errors. This pertains to the iden-
tification and reconstruction of discrete visual prim-
itives. Models frequently omit critical components
(e.g., specific data points, legend keys, or axis ticks)
or misinterpret the nature of a visual object (e.g.,
treating a data line as a grid line). These failures
result in an incomplete or structurally altered repre-
sentation of the source data within the synthesized
code.

Colorimetric Accuracy Errors. This category
assesses the model’s ability to extract color data
and map it to its corresponding semantic entities.
Errors manifest as generated color codes (Hex or
RGB) that deviate significantly from the ground
truth. This reflects a fundamental limitation in the

model’s color perception or its ability to precisely
translate perceived palettes into programmatic con-
stants.

Spatial Layout Errors. This category addresses
the global topological structure and coordinate-
based positioning defined by the code. Failures
such as distorted aspect ratios, erroneous coordi-
nate transformations, or incorrect entity arrange-
ment reveal a deficit in translating complex visual
hierarchies into precise spatial constraints. These
errors often represent a failure in high-level spatial
reasoning rather than low-level code syntax.

As illustrated in Fig. 20, despite variations in the
fundamental capabilities of different models, the
error distribution within specific languages exhibits
cross-model consistency. This suggests that error
patterns in code generation are intrinsically linked
to the target language.

Specifically, for low-level descriptive languages
such as SVG, the frequency of Layout- and Text-
related errors is notably higher compared to other
categories. This stems primarily from SVG’s lack
of high-level semantic encapsulation; when pro-
cessing long sequences of numerical coordinates,
the model often loses its grasp of global spatial
structure. As illustrated in Fig. 21a, although
Claude Sonnet 4.5 correctly generated all entities
and text with accurate colors, it failed to properly
reconstruct the spatial arrangement and relational
logic between these entities.

Conversely, in HTML tasks, the language’s high
syntactic tolerance often causes errors to manifest
as implicit rendering anomalies. Consequently,
compared to languages with stricter syntax con-
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straints, HTML tasks exhibit a statistically higher
incidence of Code-related errors. For instance,
as shown in Fig. 21b, the omission of an explicit
height definition for the parent container in the out-
put code resulted in the height collapse of internal
color blocks. While the image rendered success-
fully, this logical coding error caused the final visu-
alization to diverge significantly from the ground
truth.

Simultaneously, the dominance of Entity-related
errors in LaTeX and Python underscores the chal-
lenges models face in defining entities when uti-
lizing complex macros and functional tools. As
demonstrated in Fig. 21c, while the model suc-
cessfully generated the majority of the content, it
omitted specific components, such as the resistor
present in the original diagram.

In conclusion, future advancements in MLLMs
must prioritize enhancing fine-grained spatial ge-
ometric reasoning capabilities to mitigate layout
deviations, while simultaneously improving precise
control over code generation.

F.1 Code-related Error

To facilitate a more precise analysis of the exe-
cution failures encountered during our evaluation,
we conduct a comprehensive diagnostic study on
cases from the Omni-12C benchmark where models
failed to produce valid renderings. For each pro-
gramming language, we developed a specialized
taxonomy to categorize the root causes of these er-
rors. By decoupling surface-level failures into gran-
ular dimensions, we expose the specific structural
and logic-synthesis bottlenecks of current LMMs.

For Python-based visualizations, we categorize
exceptions into four hierarchical levels. At the
structural level, we identify Syntax & Parsing Fail-
ures and scope issues like Name Resolution & Im-
port Failure. Interaction with library interfaces is
monitored through Attribute Access Violations and
Argument Specification Errors. Within the data
logic itself, we distinguish between Type Seman-
tics Violations, Value Domain Violations, and the
Shape & Dimensionality Mismatches prevalent in
tensor operations. Finally, execution context issues
are captured by Resource & 1/O Failures, Backend
& Environment Limitations, and miscellaneous Un-
defined / Other Runtime Errors.

In the domain of SVG vector graphics, our tax-
onomy addresses the dual nature of the format as
both a structured document and a graphical de-
scription. Failures in the XML layer are defined by

Well-formedness Violations and Entity & Encoding
Errors. Semantic issues within the graphic descrip-
tion include Geometric & Viewport Mismatches,
where elements fall outside the canvas, and At-
tribute & Value Invalidity, such as malformed path
strings. We also account for rendering constraints
including Renderer Capability Limits, Typography
& Asset Failures, and other Undefined/Other SVG
Errors. This systematic attribution allows us to iso-
late whether a “blank output” stems from a parsing
collapse or a subtle geometric miscalculation.

The compilation of LaTeX graphics involves a
sensitive interplay between macro expansion and
coordinate geometry, leading to eight diagnostic
categories. Syntactic failures are identified as To-
ken & Delimiter Errors or Command & Macro
Definition issues. Environmental conflicts often
arise from Dependency & Package omissions or
Engine-Specific Conflicts between compilers like
pdfLaTeX and XeLaTeX. Regarding drawing logic,
we track Coordinate & Unit Violations and Vi-
sual/Logical Nullity—cases where valid code pro-
duces no visual output. Toolchain-related failures
are captured through Externalization & Conversion
errors and Miscellaneous Runtime exceptions.

In contrast, for HTML/CSS and SMILES, we
employ a flattened error attribution logic due
to their distinct execution characteristics. For
HTML/CSS, the high fault tolerance of web
browsers often results in “silent failures” (e.g.,
blank pages or invisible elements) that do not trig-
ger explicit exceptions, making granular attribution
less reliable. Similarly, failures in SMILES are
predominantly monolithic, centered almost exclu-
sively on Invalid SMILES Syntax. For these do-
mains, we primarily report the binary success of the
rendering or parsing process rather than a detailed
sub-categorization, ensuring that our qualitative
analysis remains grounded in observable execution
data.

The aggregated distribution of rendering failures
across all evaluated models, as illustrated in Fig. 22,
reveals consistent diagnostic patterns despite in-
dividual variations in model behavior. Globally,
LaTeX-TikZ stands out as the most error-prone lan-
guage for all tested models, highlighting the signif-
icant challenge of synthesizing code that requires
both strict syntactic precision and complex macro
expansion. Within the LaTeX-TikZ domain, Token
& Delimiter Errors, such as unbalanced braces or
missing math-mode delimiters, constitute the ma-
jority of failures. This is frequently followed by
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Dependency & Package issues, where models in-
voke specialized commands without including the
necessary macro packages, suggesting that LMMs
struggle with the brittle, state-dependent nature of
TeX compilation.

In the Python domain, the error distribution high-
lights a clear gap between syntactic knowledge and
logical reasoning. Shape & Dimensionality Mis-
match is the most prevalent failure mode, followed
by Argument Specification Error, indicating that
while models can often generate valid Python syn-
tax, they frequently falter when reasoning about
the underlying tensor dimensions or specific func-
tion signatures required for scientific visualization.
This phenomenon is further influenced by model
scale; by bifurcating the evaluated models into two
cohorts—those above and below the 38B param-
eter threshold—we observe that smaller models
exhibit a markedly higher frequency of Shape &
Dimensionality Mismatches and Value Domain Vio-
lations compared to their larger counterparts. This
suggests that increased parameter scale is a critical
factor in developing the internal logic necessary
to handle complex data structures and numerical
constraints.

The failure modes in SVG generation provide
further insight into the divergent capabilities of dif-
ferent model architectures and training paradigms.
For closed-source models, Geometric & Viewport
Mismatch is the leading cause of failure, imply-
ing that while these models successfully generate
well-formed XML, they struggle to align graphical
elements accurately within defined canvas bound-
aries. In contrast, open-source models are primarily
hindered by Well-formedness Violations, frequently
failing at the basic structural level of the XML doc-
ument. This distinction is particularly evident when
comparing specific model families: within the SVG
tasks, Well-formedness Violations are the dominant
failure mode for the Qwen3-VL family, whereas
the InternVL3.5 family aligns more closely with
the behavior of closed-source models, where Ge-
ometric & Viewport Mismatch represents the pri-
mary bottleneck.

Ultimately, these findings underscore a broader
hierarchical trend in model maturity. For more
accessible formats like SVG and Python, the chal-
lenge for advanced models has shifted from basic
syntactic integrity to complex spatial reasoning and
structural alignment. However, for languages with
high-entry barriers like LaTeX-TikZ, even the most
capable models remain susceptible to fundamental

parsing collapses. This taxonomy-based analysis
confirms that while LMMs are approaching syn-
tactic competence, mastering the underlying logic
and environmental constraints of executable code
remains a formidable barrier across all scales and
families.

G Case Study

We conduct a qualitative analysis comparing 13
models on our benchmark. We select Gemini 3 Pro
and Qwen3-VL-235b-a22b-Instruct for a detailed
comparative case study due to their representative
performance characteristics.

Case study in Python We examine a represen-
tative Python code generation scenario shown in
Fig. 12 to analyze the reasoning behind these
scores. In terms of Sj;,,4 (Visual Fidelity), Gemini
3 Pro demonstrates an advantage over Qwen3-VL-
235b-a22b-Instruct by maintaining superior global
visual consistency. The St metric acutely iden-
tifies critical mathematical errors in frequency esti-
mation within both generated code snippets, while
further highlighting a fundamental gap in logical
depth: Gemini 3 Pro successfully implements com-
plex threshold masking for segmentation, whereas
Qwen3-VL-235b-a22b-Instruct relies on a naive
overlaying of curves, failing to comprehend the
underlying conditional logic of the image. More-
over, fine-grained detection via Sy reveals that
Qwen3-VL-235b-a22b-Instruct exhibits lower pre-
cision in parameter control, incurring more errors
in stylistic details such as alpha compared to Gem-
ini 3 Pro.

Case study in LaTex We examine a represen-
tative LaTex code generation scenario shown in
Fig. 13 to analyze the reasoning behind these
scores. In the LaTeX-based plotting task, Gem-
ini 3 Pro achieves an S;,,4 score of 81, surpassing
Qwen3-VL-235b-a22b-Instruct (71) in terms of
structural fidelity. The S, evaluation character-
izes a shared limitation in semantic LaTeX imple-
mentation: both models fail to invoke professional
frameworks such as PGFPlots or its associated fill-
between library, defaulting to primitive TikZ op-
erations and manual coordinate systems. Specif-
ically, Gemini 3 Pro employs Bezier curves inte-
grated with region clipping for segmented filling,
whereas Qwen3-VL-235b-a22b-Instruct resorts to
hard-coded vertices, yielding functionally inconsis-
tent trajectories. Moreover, Sy, metrics indicate

37781

21



that Qwen3-VL-235b-a22b-Instruct suffers from
significant deviations in numerical parameters, in-
cluding scaling and sampling density.

Case study in HTML We examine a represen-
tative HTML code generation scenario shown in
Fig. 14 to analyze the reasoning behind these
scores.For the HTML/ECharts task, Gemini 3 Pro
achieves an Sy, score of 88, significantly surpass-
ing Qwen3-VL-235b-a22b-Instruct (56). Although
Gemini 3 Pro utilizes static SVG primitives instead
of the standard ECharts framework, it successfully
reconstructs essential functional components, in-
cluding titles, legends, and multi-series markers.
Conversely, Qwen3-VL-235b-a22b-Instruct fails to
include necessary script dependencies and critical
y-axis metadata, resulting in a fragmented struc-
tural representation. Furthermore, fine-grained
Spara €valuations highlight a fundamental error
in data scaling by Qwen3-VL-235b-a22b-Instruct,
which fails to align the y-axis range with the ground
truth rainfall metrics.

Case study in SVG We examine a representative
SVG code generation scenario shown in Fig. 15 to
analyze the reasoning behind these scores. In the
evaluation of SVG vector graphics generation, both
Gemini 3 Pro (Sjy,g : 85) and Qwen3-VL-235b-
a22b-Instruct (Sj4 : 80) demonstrate exceptional
capabilities in structural decomposition and primi-
tive reconstruction. Both models achieved an Sy
score of 94, indicating a shared proficiency in ac-
curately identifying and mapping core functional
units, including irregular polygon paths, closed
regions, and textual labels. However, in-depth
parametric assessment reveals a significant perfor-
mance divergence in numerical precision: Gemini
3 Pro achieves an S, score of 69, successfully
aligning textual content, ViewBox attributes, and
critical geometric coordinates with high fidelity.
In contrast, Qwen3-VL-235b-a22b-Instruct yields
an Spqrq of 47, exhibiting a substantially lower
success rate in matching complex path details, fill
color values, and specific attribute groups.

Furthermore, we provide qualitative rendering
samples for all models benchmarked in our primary
performance table. As illustrated in Fig. 16, Fig. 17,
these examples offer a direct comparison of model
outputs on specific data instances.

H Judge Alignment and Metric
Validation

This section details the methodologies and ratio-
nales used to ensure our automated evaluation
tracks—both symbolic and visual—align with ob-
jective truth and human judgment.

H.1 Symbolic Track: Code-level Reliability

For the symbolic track, we evaluate the reliability
of our code judges (Claude 4.5 Sonnet, Gemini 2.5
Pro, and GPT 4.1) by measuring their alignment
with the Majority Vote (MV) ranking. As shown
in Tab. 8, we employ a suite of metametrics to
quantify both individual judge accuracy and group
consensus.Kendall’s 7 and Spearman’s p: These
are non-parametric rank correlation coefficients.
7 measures the proportion of “concordant pairs”
(pairs of items ranked in the same order by both the
judge and MV), making it highly sensitive to even
minor swaps in ranking. p measures the strength
of the monotonic relationship between ranks.MV
align: Defined as %(7‘ + p), this composite met-
ric serves as our primary indicator of alignment.
We adopt this average to balance the strict ordinal
consistency of 7 with the rank-intensity correlation
of p. As indicated in Tab. 8, Claude 4.5 Sonnet
achieves the highest MV align (0.8436), justifying
its selection as the official symbolic evaluator. Clos-
est to MV (count/%): This represents the frequency
with which a specific judge’s ranking is the most
similar to the majority consensus on an instance-by-
instance basis. This metric exposes judge “outliers”
and confirms that Claude 4.5 Sonnet is the most
consistently representative of the collective “wis-
dom of the crowd” (61.15% frequency).Kendall’s
W (Coefficient of Concordance): This measures
the agreement among all judges simultaneously.
A value of 0.7405 indicates a strong consensus
across the evaluated frontier models, suggesting
that “quality” in Image-to-Code tasks is an objec-
tive property that these models can identify consis-
tently.

H.2 Perceptual Track: Image-level Alignment

To validate the Sjy,g metric, we compare the
LMM judge outputs against a “ground truth” es-
tablished by 10 human annotators. The results in
Tab. 3 demonstrate the superiority of the Omni-
12C prompting strategy. Ordinal Alignment (7
and p): Since Siy, is intended to act as a proxy
for “at-a-glance” human preference, it is critical
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that the model-generated scores result in the same
ranking order as human consensus. Our results
show that the GPT 4.1 + Omni-I2C configuration
reaches a peak Kendall’s 7 of 0.8304, significantly
outperforming deduction-based alternatives like
Chart2Code. Root Mean Square Error (RMSE):
Unlike the symbolic track, which is purely rank-
based, Simg is a scalar value. We use RMSE to
quantify the absolute deviation between the normal-
ized LMM scores and human-assigned preference
scores. A lower RMSE (0.4284 for Omni-I2C) in-
dicates that the judge is well-calibrated—meaning
its “score magnitude” matches human perception
of quality, rather than just the “relative order.” Ra-
tionale for Metric Selection: Robustness to Diverse
Modalities: By using rank correlation (7, p), we
ensure the metric remains valid across different im-
age types (e.g., SVG vs. LaTeX) where absolute
visual differences might vary in scale. Sensitivity
to Structural Failures: The inclusion of RMSE en-
sures that when a model produces a catastrophic
layout failure, the judge penalizes it with a score
magnitude that reflects the severity perceived by
a human, rather than just ranking it “last”. The
consistent performance of our multi-dimensional
prompt across different judges (Qwen-VL-Max and
Qwen3-VL-Plus) confirms that a structured rubric
focusing on Style, Layout, Elements, and Text is
the most reliable way to stabilize perceptual evalu-
ation in LMMs.

To further investigate the reliability of the struc-
tured rubric across different visual aspects, we con-
ducted a fine-grained alignment experiment target-
ing the four specific sub-dimensions: Composition,
Text, Entity, and Style. We recruit 16 professional
annotators, each assigned to evaluate and rank 90
items across the four specific dimensions. We
then calculate the correlation between the LMM-
based scores and human rankings. This analysis is
based on the samples generated by Gemini 2.5 Pro,
Qwen3-VL-235B-A22B-Instruct, and InternVL3.5-
8B-Instruct.

We then calculated the correlation between the
LMM-based scores and human rankings using
Kendall’s 7, Spearman’s p, and RMSE. As summa-
rized in Tab. 13, the LMM judge demonstrates a
remarkably strong correlation with human judg-
ment in Composition (7 0.7837) and Style
(7 = 0.7367). These results suggest that for macro-
scopic visual features—such as global spatial ar-
rangements and overall aesthetic coherence—the
LMM acts as a highly reliable judge that closely

aligns with human visual perception.

Table 13: Human alignment analysis across the four sub-
dimensions of Sjne. Results are based on evaluations by
16 professional annotators.

. . Kendall’s Spearman’s RMSE
Dimension

71 Pt !
Composition  0.7837 0.8222 0.4110
Text 0.6889 0.7225 0.5267
Entity 0.6531 0.6986 0.5167
Style 0.7367 0.7791 0.4491

I Evaluation Metrics for Molecular
Structures

To ensure a robust evaluation of chemical struc-
tures, we convert SMILES strings into molecular
objects using the RDKit library. We specifically
employ Morgan Fingerprints with a radius of 2 and
a bit-vector size of 2048. The similarity between
the ground-truth (G) and predicted (P) molecules
is then quantified via the Tanimoto coefficient:

. Vg --vp
T: to(G, P) =
animo 0( ) ) HVG||2+||VP”2_VG'VP
1

where v and v p represent the fingerprint vectors.
To further elucidate the superiority of Morgan
Fingerprint-based Tanimoto similarity over tradi-
tional string-based metrics, we present three repre-
sentative cases encountered during our evaluation.
These examples highlight the necessity of captur-
ing chemical topology rather than mere syntactical
sequences.The detailed examples show in Fig. 19

Case 1: Semantic Equivalence under Canonical-
ization Variance The inherent non-uniqueness
of SMILES notation often leads to multiple valid
strings for a single molecular structure. As shown
in our first example (Ethanol, GT: CCO, Gen: 0CC),
string-based metrics like BLEU or Edit Distance
would penalize the model for reversing the atom
indexing order. In contrast, our metric yields a per-
fect Tanimoto score of 1.00, as both strings map to
the identical molecular fingerprint. This confirms
the metric’s ability to recognize functional identity
regardless of the generation sequence.

Case 2: Topological Sensitivity to Atomic Hy-
bridization Small character-level differences in
SMILES strings can signify profound changes in
chemical properties that are easily overlooked by
superficial text metrics. In the second case, we
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compare a benzene ring (c1cccccl) with its satu-
rated counterpart, cyclohexane (C1CCCCC1). While
the text-level structure appears nearly identical (dif-
fering only by character casing), the Tanimoto sim-
ilarity based on Morgan Fingerprints drops to 0.00.
This total divergence correctly reflects the funda-
mental loss of aromaticity and the shift in carbon
hybridization from sp? to sp>—a critical structural
shift that renders the reconstructed molecule chem-
ically distinct from the ground truth. String-based
metrics, such as Edit Distance or standard token
matching, often fail to penalize these “semantic
collapses” heavily enough, potentially masking the
severity of the prediction error.

Case 3: Fidelity of Complex Functional Groups
In more complex reconstructions, such as As-
pirin (GT: CC(=0)0c1ccccc1C(=0)0), the model
might correctly generate the scaffold but fail on
localized functional groups. When the acetoxy
group is incorrectly reduced to a methoxy group
(Gen: COclccccc1C(=0)0), the Tanimoto metric
provides a nuanced penalty (Score: 0.58), reflect-
ing the partial structural loss. This demonstrates
that the metric serves as a robust proxy for human
expert judgment, as it effectively quantifies the im-
pact of topological errors on the overall molecular
integrity.

You are an expert judge at evaluating the visual fidelity and technical consistency of diverse
image types. The first image (reference image) is rendered from ground truth code (such as
Python, LaTeX, SV6, HTML, or SMILES), and the second image (AI-generated image) is rendered
from code generated by an AT assistant. Your task is to score how well the AI-generated output
reproduces the ground truth reference.

### Scoring Methodology:

The AI-generated image's score is based on the following criteria, totaling a score out of 100
points:

1. Visual Components and Elements (20 points)

2. Layout and Structure (10 points)

3. Text and Semantic Content (20 points)

4. Data and Technical Accuracy (20 points)

5. Style and Aesthetics (20 points)

6. Clarity and Rendering Quality (10 points)

### Evaluation:
Compare the two images head to head and provide a detailed assessment. Use the following format
for your response:

Comments:

- Visual Components: ${your comment and subscore}

- Layout and Structure: ${your comment and subscore}

- Text and Semantic Content: ${your comment and subscore}

- Data and Technical Accuracy: ${your comment and subscore}

- Style and Aesthetics: ${your comment and subscore}

- Clarity and Rendering Quality: ${your comment and subscore}

Score: ${your final score out of 100}

& J

(a) Prompt of Chartmimic

( N
You are a helpful assistant. Please evaluate the similarity between the
*xfirst image (the Ground Truth/6T image)** and the **second image (the
Generated image)x.

The *x6T image** is rendered from original reference code, while the
**Generated imagex* is rendered from code provided by an AI assistant
(covering formats like Python, LaTeX, SV6, HTML, or SMILES).

Consider factors such as the overall appearance, technical/structural
accuracy (including numerical values, mathematical notations, or
chemical connectivity), colors, shapes, positions, and other visual
elements.

Begin your evaluation by providing a short explanation assessing how
precisely the *xGenerated imagexx reproduces both the aesthetic and
functional details of the **G6T imagex*. Be as objective as possible.
After providing your explanation, you must rate the similarity on a
scale of 1 to 1@ by strictly following this format: "Rating:
[[rating]]l", for example: "Rating: [[5]1".

- J

(b) Prompt of Plot2code

s 2
You are an exceptionally strict and meticulous image auditor. Your task
is to evaluate the fidelity of a 'Generated Image' (the second image)
against a 'Ground Truth Image' (the first image).

Please process the evaluation following these specific Chain of Thought
(CoT) and Self-Reflection steps

1. Initial Component Deconstruction

2. Deep Numerical & Logical Comparison

3. Visual & Style Audit

4. Mandatory Self-Reflection: Challenge your own initial observations.
5. Final Evidence Synthesis

Return ONLY a single JSON object with:

- "thought": A detailed internal monologue.
- "score": An integer from 0 to 100.

- "reason": A concise expert summary

. J

(c) Prompt of Self-Reflexion

You are an exceptionally strict and meticulous image analyst. Your task is to
evaluate the visual similarity of two images. You must be extremely critical. Any
deviation, no matter how small, must be penalized heavily. A perfect score is
reserved only for images that are visually indistinguishable to the human eye.
Your analysis must be based solely on the visual information in the images
provided.

Task:
Compare the Ground Truth Image and the Generated Image. Based ONLY on their visual
information, evaluate their similarity.

Evaluation Rules:

1. Strictness is Key: Start with a perfect score of 100 and deduct points for
EVERY visual difference, including but not limited to: chart type, data points
colors, line styles, markers, labels (content, font, and position), titles
legends, axes (limits, ticks, scaling), layout, aspect ratio, and any other visual
element.

2. Identical Means Identical: A score of 100 is ONLY for images that are pixel-
perfect or visually indistinguishable. Even a tiny difference in line thickness or
a single different pixel color must result in a lower score.

3. Heavy Penalties: Apply significant penalties for noticeable differences. For
example, a different color map or a missing legend should lead to a large
deduction.

Output Format:

Return ONLY a single JSON object with two keys: "score” ( an integer from @ to
100) and "reason" (a concise, expert analysis in English, detailing every detected
difference that justifies the score deduction). Do not include any other text,
markdown, or explanations outside the JSON object.

(d) Prompt of Chart2code

Figure 11: Comparison of prompts used in different
methods. Since prompt images contain text, a vertical
layout ensures readability within a single column.
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Input Image

Result by Gemini 3 Pro

Result by Qwen3-VL-235b-a22b-Instruct

Gemini 3 Pro
S_img: 76
composition: 6
textual: 10
entity: 8

stylistic: 7

S_func: 50

6T uses 7 functional units: (1) Generate x
with Linspace(9, 3.9, 300), (2) Calculate y
= cos(1.5%pix), (3) Create y_upper using
masked_vhere for values < threshold_upper,
(4) Create y_lower using masked_where for
values > threshold_lower, (5) Create y_mid
using masked_where for values outside both
thresholds, (6) Plot three masked arrays
directly, (7) Apply grid with specific
linestyle n inplements: (1) linspace
correctly but different sample count
(minor), (2) INCORRECT: uses cos(2%pixx)
instead of cos(1.5%pixx) - this
fundanentally changes the wave period and is
a critical logic error (0 points), (3-5)
Uses boolean masking instead of
np.na.masked_vhere - different apprunch but
achieves sinilar segnentation (9.5 points
each = 1.5 total), (6) Plots with mdzx)ng
x[mask], y[mask] instead of masked arrays -
functionally similar but different method
(0.5), (7) 6rid uses ':' instead of '-.'
(0.5).

S_para: 30
6T key paraneters: (1) x range start=0,
(2) x range end=3.0, (3) x sampm»znn
(4) cosine coefficient=1.5,

threshold_lower=-0.65, (7) y_nid

Linewidth=2.5, (8) y_lower

8, (9) y_upper

8, (10) grid alpha=0.7. Gen

(1) @ correct, (2) 3 correct
8 and 3 as equivalent), (3)

300 vs 600 - m)smntch (A 15vs2 -

CRITICAL misnaten affecting wave

period, (5) 8.65 vs 0.7 - mismatch, (6)
“0.65 vs -0.7 - mismatch, (7) 2.5 vs 3
- mismatch, (8) 1.8 vs 3 - mismatch,
(9) 1.8 vs 3 - mismatch, (16) 0.7

correct. Matches: parameters 1, 2, 10 =
3 out of 10.

S_img:66
composition: 5
textual: 10
entity: 6

stylistie: 7

Qwen3-VL-235b-a22b-Instruct

S_para: 27
6T key purameters (1) x range start=0,

S_func: 21

6T implements threshold-based masking logic
to segnent a single cosine wave into three
conditional ranges (upper, lower, mid) using
np.ma.masked_where. Gen instead generates
three independent mathenatical functions
(mid_range, lower_band, upper_band) without
any masking or conditional logic. The core
functional approach is fundamentally
different: 6T uses 1 base function + 3
masking operations + 3 plot calls for masked
segnents, while Gen uses 3 separate
mathenatical functions + 3 plot calls. 6T has
7 key functional units: (1) base cosine
generation, (2) upper threshold masking, (3)
lower threshold masking, (4) mid-r

masking with compound condition, (5) plot
mid-range masked, (6) plot lower masked, (7) x
plot upper masked. Gen only matches the base  startey, x endc3. grid alpha=0.7. Total 6T
cosine generation partially (wrong frequency:  parameters: 11. Matched: 3 (x start, x

27 vs 1.5%) and the three plot calls (but oy grid alpha).

plotting wrong data), giving partial credit

for plotting structure but no credit for

masking logic. )

Linewidth=2.5, (9) lower/upper
Linewidth=1.8, (10) grid linestyle=
(11) grid alpha=0.7. Gen mismatches
frequency is 27 instead of 1.57
(paraneters 4 and 5 both wrong as_they
combine to different value), samples=500
vs 300, threshold values completely absent
(replaced by 0.5 offsets in  seporate
functions), mid linewidt
Lower/upper hnew)dth 2 ve 18, gr)d
Linestyle= . Matches:

Figure 12: Case of Python

Input Image

Result by Gemini 3 Pro

Result by Qwen3-VL-235b-a22b-Instruct

Gemini 3 Pro
S_img: 81
composition: 6
textual: 10
entity: 8

stylistic: 8

S_func: 60

The generated code does not use the
PGFPlots environment, which is the
core structural component of the
ground truth. Instead, it uses basic
Tikz commands and manual coordinate
systens. The mathenatical quadratic
function is replaced by a manual
Bezier curve, which lacks precision.
Furthernore, the generated code fails
to implement the automatic 'fill
between' logic with intersection
splitting; instead, it manually clips
a region for the first area and uses
a simple rectangle for the second
area, which is geometrically
incorrect compared to the function-
bounded area in the ground truth
Tick marks and labels are also
manually drawn rather than using axis
properties.

S_para: 25

The numerical values in the generated
code are entirely different from the
ground truth. Specifically, the x-
coordinates for p, eta, and q (0.5, 2.5,
4.0 in 61) are defined as 1.3, 3.6, and
6.0 in the generated code. The y-level
for the horizontal line (g(eta) = 5 in
6T) is set to 3.0. The axis limits and
the specific mathematical coefficients
of the quadratic equation are no
respected. The color scheme (teal, blue,
red, cyan) and the label strings
thenselves are the only parameters that
conceptually align with the ground
truth.

Qwen3-VL-235b-a22b-Instruct
S_img:71 S_func: 42 S_para: 13

The 6T code uses pgfplots with a custom function Gen parameters: (1) scale: 1.5, (2) x-axis

4 i uad), axis envi with tick endpoint: 4.5, (3) y-axis endpoint: 3.5, (4) x-

labels, and the fillbetween library to tick positions: 1, 2.5, 4 (incorrect: should be
textual: 10 automatically compute and £ill regions between two 0.5, 2.5, 4), (5) tick labels: p, eta, q

curves with alternating colors. The Gen code (correct), (6) horizontal line y-value: 2
entity: 6 abandons pgfplots entirely, uses raw TikZ drawing (incorrect: should be 5), (7) horizontal line x-

commands, manually approximates the quadratic range: 1 to 4 (incorrect: should span domain 0.5
stylistic: 8 function with a cubic spline, and manually to 4), (8) curve approximation formula: @.5%(x-

specifies fill regions with hardcoded intersection 1)%(x-2.5)#(x-3.5) + 2 (completely different from
points. 6T has 6 functional units: (1) custom 23x"2 - 4%x + 1), (9) samples: 100 (incorrect:
function declaration via pgfmathdeclarefunction, should be 160), (18) red fill region endpoint: 2.8
(2) axis environment with configured ticks and (hardcoded intersection, not computed), (11) red
labels, (3) addplot for the quadratic curve, (4) fill color: red!7@ (close to red!8d!black but not
addplot for the constant line, (5) fillbetween exact), (12) cyan £ill color: cyan!6@ (incorrect
logic with split and segment styling, (6) ould be cyan!70!black), (13) no opacity
automatic region detection and coloring. Gen has 4 specification (should be 8.7). Gen matches only 2
functional units: (1) manual axis drawing, (2) parameters exactly (tick labels p, eta, q) and
manual tick label placement, (3) manual curve partially matches 1 (samples count). All numerical
plotting with approximation, (4) manual £ill values for function, domain, axis limits, colors,
regions with hardcoded coordinates. The and line properties are incorrect or missing.
fillbetween Library's automatic split logic and

segnent alternation are completely absent in Gen,

replaced by manual region specification )

Figure 13: Case of LaTex
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Input Image Result by Gemini 3 Pro Result by Qwen3-VL-235b-a22b-Instruct
o N
Gemini 3 Pro Quen3-VL-235b-a22b-Instruct
S_img: 78 S_func: 88 S_para: 58
9 ; P . 5_img:68 s_func: 56 s_para: 29
composition: 5 6T uses ECharts library to render an Critical parameters assessed: (1) Title ) D res the exact years on xaxis and
interactive line chart with tooltip, text: 6T 'Annual Rainfall in Major Cities composition: 5 6T uses ECharts library to render an ¢ i Teemnd T 1o Tobel:
textual: 9 legend, grid, axes, and tuo series (2016-2022) " matches Gen exactly. (2) X-axis interactive Line chart with two series city nanes in degend. However, y-axis labels
(London and Cairo). Gen inplements a years: textuals 7 (London and Cairo), while Gen manually draws ~ Gre scaled to 6-1000 m instead of
entity: 10 custom SV6-based static chart with manual ['2016','2017", '2018', '2019", '2020", '2021",* a static SV6 chart. Gen lacks the ECharts reflecting true data range (London peaks
DOM structure (wrapper, header, legend, 2022'] all match Gen. (3) Y-axis label: 6T entity: 8 seript inclusion, dynamic chart . ~810 mm, Cairo ~30 mm), naking the rainfall
stylistic: 7 y-labels, SV6 elements). Both achieve the ‘Rainfall (mm)' matches Gen. (4) Legend initialization, and interactive tooltip. Gen values visually misrepresented. Line and
same visual goal: a dual-line chart with items: 6T ['London', 'Cairo'] match Gen. ... stylistic: 7 also omits the y-axis title 'Rainfall (mm)' area colors differ (#0056b3 vs #2061e8,
area £il1, markers, axes, grid, legend, Total key parameters: Title (1), X-labels and uses q different layout structure #d3262¢ vs #e84623). Tooltip, axis title,
and title. ... Gen lacks this (7), ¥-label (1), Legend labels (2), London (centered container vs full-height). and exact data-point values are absent.
interactivity). The absence of data (7), Cairo data (7), London line color Houever, Gen preservas the overall chart Thus, most critical data paraneters are
interactive tooltip in Gen is a missing (1), Cairo line color (1), London marker concept, line/area rendering, legend, and incorrect or missing.
functional unit. ALL other structural type (1), Coiro marker type (1), London area axis labels, achieving partial structural
elenents are implemented, though with color (1), Y-axis scale (1) = 31 paraneters. intent.
different tags (SV6 primitives vs. Matched: Title (1), X-labels (7), Y-label
ECharts config). Total 6T functional (1), Legend labels (2), London data (3
units: 8 (title, legend, x-axis, y-axis, correct: indices 3,5,6), Cairo data (2
grid, London series with area/markers, correct: indices 1,4), London marker (1),
Cairo series with markers, tooltip). Gen Cairo marker (1) - 18 matched exactly.
inplenents 7 (missing interactive
tooltip).

Figure 14: Case of HTML
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Input Image Result by Gemini 3 Pro Result by Qwen3-VL-235b-a22b-Instruct
(. 0
Gemini 3 Pro Qwen3-VL-235b-a22b-Instruct
S_img: 85 S_func: 94 S_para: 69 S_img: 80 S_func: 94 S_para: 47
composition: 7 6T units identified: 1. Country-outline path 6T parameters identified: 7 text contents . 6T Decomposition: The 6T code contains 6T Paraneter Identification: (1) country-outline:
(irregular closed polygon). 2. Region-1 path  ('Riverton’, 'Hillport', 'Southgate', composition: & the following functional units: (1) d path, fill-#eafdfc, stroke=#1d3557, stroke-
textual: 9 (Coastal Plains, closed). 3. Region-2 path ‘Coastal Plains', 'Central Highlands', country-outline path with quadratic width=2, stroke-dasharray=8,4; (2) region-
(Central Highlands, closed). 4. Region-3 ‘Green Valley', 'Blue River'); 3 radii textual: 9 curves, (2) region-1 path (Coastal £ill-#aBdade, stroke=#457b9d, stroke-
entity: 10 path (6reen Valley, closed). 5. River path (r=9 each); 3 cx (185,250,320); 3 cy . Plains), (3) region-2 path (Central dasharray=6,3; (3) region-2: fill-#fcbfd9,
(open curved). 6. Riverton city circle. 7 (120,160,320). Total N_var=16. In Gen: entity: 10 Highlands), (4) region-3 path (6reen stroke=#d35480, stroke-dasharray=6,3; (4) region-
stylistic: 8 Hillport city circle. 8. Southgate city ALL 7 texts exact. ALL 3 r=0 exact. cx: o Valley), (5) river path with quadratic 3: £il1-490be6d, stroke=#264653, stroke-
circle. In Gen: Rounded rect background 185-185 match, 2357250, 2857320 (1 stylistic: 7 curves, (6) three city marker circles, dasharray=6,3; (5) river: stroke=#0856%, stroke-
partially matches country-outline match). cy: 110+120, 1807160, 3307320 (7) three city label text elements, (8) width=3, stroke-dasharray=10,6; (6-8) three
intent/topology (simplified enclosure, 0.5). (@ matches). ViewBox nearly identical (no three region label text elements, (9) one i , £i11-#¢63946,
ALL 3 region paths present with equivalent scaling, proportional=exact required). river label text element. Total: 9 2; (9-11) city
closed bezier topology (1.0 each). River Colors semantically consistent across distinct logical units. Gen Comparison: text content (Riverton, Hillport,
path present with equivalent open curve elenents. Path d details differ but The Gen code implements:river path Southgate), x/y coordinates, font-size-18
(1.). AlL 3 city circles present with excluded from params (logic only). (0.5 credit for topological equivalence) £i11-#22223b; (12-14) region labels: text content
correct primitive type (1.0 each). Text N_var=7 (texts) + 3 (r) + 1 (cx) + 0 (cy) Total implemented with credit: 13.5 out (Coastal Plains, Central Highlands, Green Valley),
elements all present matching 11 of 14 expected structural elements font-size=15, £i11-#102542; (15) river label:
intent/content . (counting country-outline as mandatory). text='Blue River', font-size=14, £i11-1003049.
Exact matches: 7 text content strings. Mismatches
all £i11 colors (4), all stroke-dasharray values
(4), circle radius (1), all font sizes (), river
stroke color (1), river stroke-width (1). Total
matches: 7 out of 15 parameter groups.
J

Figure 15: Case of SVG
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Case Analysis: 6cf0140514bd4066ae6711234dc518c6
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Sunci4l Spara:43

Simg 91

Sfunc: T8 Spara: 50

Simg 2 91

Sfunc:50  Spara: 38

Simg 1 T1

Simg 89 Sfunc:30  Spara : 64

Qwen3-VL-235B-Instruct

Qwen2.5-VL-7B-Instruct

Instruct

Qwen2.5-VL-72

32B-Instruct
Oscillator Voltage Comparison

Qwen3-VL.-

Qwen3-VL-8B-Instruct

Oscilator Vottage Comparizon

Simg: T2 Sfunc: 83 Spara : 67

Spara : 57

Sing:62 Spunc: 69

Spara : 40

Simg: 86 Spunc: 79

Spara : 43

Simg 88 Spunc:59

Simg:82 Sfunc:T5 Spara:67
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Simg:58  Spunc:40  Spara: 18

Case 1 of render_samples for all models benchmarked in our Tab. 2.

Figure 16
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Case Analysis: AsymptoteGraphicPipeline_Circle_Geometry_2-88

Ground Truth GPT-5.1 . I
Claude-Sonnet-4.5 Gemini-3-Pro Gemini-2.5-Pro

/’ 2
Sing:92 Spnci95 Sy 88 - - -
Simg 88 Spunc:90  Spara:92 Sing 92 Spunc:6  Spara :82 Simg 92 Sgunc 82 Spara :91
-VL-! - -VL-8B- wen2.5-VL-7B-Instruct
Qwen3-VL-235B-Instruct Qwen3-VL-32B-Instruct Qwen3-VL-8B-Instruct Qwen2.5-VL-72B-Instruct @

Two Overlapping Crces

Xcordrate i)

— Sing 72 Spunc:86  Spara:67
Sing 86 Spunc:81 Spara: T8 Sing?80 Spunc 8L Spura: 67 Simg 85 Spunc:50 Spara: 50 ! ! ! Simg 42 Sgunc:50  Spara 150

InternVL3.5-38B-Instruct InternVL3.5-8B-Instruct
Gemma3-27B

InternVL3.5-241B-Instruct

Simg:64  Sfunc:92  Spara: 100 : GreBA Sr8ED fhrmsTl

Simg:56  Spunc:69  Spara: 67 Simg:24  Sfunc:15  Spara:43

Figure 17: Case 2 of render_samples for all models benchmarked in our Tab. 2.

< Omni-12C Annotation Re-evaluation (50 Samples)

~ @ Annotation Guidelines

1. Core Metrics: Focus on Functionality, Numerical Accuracy, and Style.
2. Ties Allowed: You can give the same rank to multiple models (e.g., 1, 1,2)
3. Redundancy: If a generated image includes more features than GT, do not penalize

4. Workflow: Annotate  'Next' > After 50 items, Save with your name.

Progress: 4 / 50 | CurrentID: Line 25

@ Reference (GT) ®Model 1 ® Model 2 ®Model 3
R , odel Perfrmance Comparison
wf —— o ———% ]
i p—t N, S —— ¥ o | s ~ moime
H I o ol ]
oty R o
] - ! : : i
i . e — H ocel Pertormance comporion
] —F A |} . Tos
HIS ! 4— i 3k o
' e H
as g // a
" 2o 3
T e [ — : F T S B
Type: pyth Rank (M1) Rank (M2) Rank (M3)
2 v B v 3 v
> View Code > ViewCode > View Code

Figure 18: A screenshot of the human evaluation questionnaire.
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T (OO 2.3
o OH
GT: Ethanol Gen: Ethanol (Sim: 1.00) Ho (o] /O

GT: Benzene-Ring Gen: Benzene-Ring (Sim: 0.00) GT: Aspirin-Partial Gen: Aspirin-Partial (Sim: 0.64)

(a) Case 1: Semantic Equivalence
(Ethanol) (b) Case 2: Topological Error (Benzene)  (c) Case 3: Functional Group Fidelity

Figure 19: Visual comparison of SMILES reconstruction cases. (a) Illustrates identical topology despite different
string sequences. (b) Highlights critical perception errors in aromaticity captured by Tanimoto similarity. (c)
Demonstrates the metric’s sensitivity to localized functional group deletions.
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Figure 21: Representative error cases produced by different models.
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Figure 22: Diagnostic breakdown of failure modes across evaluated models.
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Graph Theory: Independent Set Problem

A A

(a) Relationship-diagram:
Topological structures
representing logical

relationships between entities.

(e) Bar-chart: Quantitative
comparisons across discrete
categories.

Heart Rate
Monitor

Performance
Tracking

Voltage Divider for
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(i) Circuit: Schematic

diagrams of electronic
components and connections.
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(m) Scatter-plot:
Distributions of data points in
a 2D coordinate system.
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(b) Line-graph: Curves

depicting data trends over

continuous variables.

(f) Plane-geometry: Shapes
and properties within 2D
Euclidean space.

Measurement Uncertainty Analysls

(c) Molecular-formula:
Chemical structures
representing molecular
compositions.

(g) Flow-chart: Sequential
steps of an algorithm or
operational process.

| ®E

Independen Variable £

(j) Other-figures:
Miscellaneous images not
covered by standard
categories.

Market Share Distribution among Companies
others

company £

company ¢

company 8

(n) Pie-chart: Proportional
composition of parts within a
whole.

Company D

(k) 3d-plot: Surfaces or data
distributions in
three-dimensional space.

— e

ot vl

(o) Function-related:
Graphical expressions of
mathematical functions.

Polar Function: r(6) = 0.8 + 1.205(1.56)

¥ coordinate.

xcoordinate

(d) Analytical-geometry:
Geometric shapes defined
within a coordinate system.

ATP TOURNAMENT PRIZE MONEY 2023

(h) Tables: Systematic
row-column layouts for
structured data presentation.

As the CEO of a medical device company exploring altematives to
drug-based treatments, you're investigating the molecular struc-
ture of a potential new therapeutic compound. The molecule has
2 tetrahedral symmetry, belonging to the T point group. Cal-
culate the character table for this 7 point group, which will be
crucial for understanding the molecule’s properties and potential
interactions with your medical devices.

(1) Equations-texts:
Visualizations combining
complex formulae and
descriptive text.

(p) Solid-geometry:
Volumetric and geometric
features of 3D objects.

Figure 23: Omni-I2C dataset: Figure Type Taxonomy gallery (Part 1).
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(c) Area: Trend charts with
filled area sections.

Energy Efficiency Ratings by Appliance Mode!

(g) Error-bar: Statistical
charts indicating data
uncertainty ranges.

MUJI vs Nestle in Food Safety
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(d) Box-chart: Statistical
summaries showing quartiles
and outliers.
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(k) Radar-chart: Comparative
visualizations of
multi-dimensional data.

(j) Contour: Numerical
distributions with isoline
features.

(1) Atom-model: Physical
models of atomic structures
and electrons.

\
Coastagiains
R

SN
/' \elue River

(o) Map: Visualizations of
geographic locations or
regions.

(n) Density: Spatial
distributions of probability
densities.

(m) Error-point: Data points
with designated error offsets.

(1) Heatmap: Matrix
intensities represented by
color gradients.

N
M N AR
.
i

(p) Violin: Distribution plots
combining density and box
plot features.

Figure 24: Omni-I12C dataset: Figure Type Taxonomy gallery (Part 2).
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sub-figures.
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(d) Algorithms: Visualization
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illustrating internal biological
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(g) Phase-Diagram: State (h) Block-diagram:
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40%

(j) Magnetic-field-line:
Orientations and distributions

of magnetic fields.

(k) Tree: Hierarchical
structures with parent-child
relationships.

Figure 25: Omni-I12C dataset: Figure Type Taxonomy gallery (Part 3).
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You are an expert in Python data visualization and proficient in
multiple libraries (including Matplotlib, Seaborn, Plotly, Bokeh,
Altair, etc.).

(a) Direct (Zero-shot) Prompting

{";au are an expert in Python data wisualization and proficient in multiple libraries
(including Matplotlib, Seaborn, Plotly, Bokeh, Altair, etc.).

Your task is to analyze the provided Image and write complete Python code to reproduce it
visually using the ssspecified plotting Libraryss.

Requirements:

1. saTarget Library:ss Use the library requested by the user. If no specific library is
mentioned, default to Matplotlib

2. wsData:ss Create reasonable dummy dota based on visual trends abserved in the image

3. ssDimensions:*s You MUST set the figure dimensions to sswidth: {width}, height
{height}es. Use the syntax strictly appropriate for the chosen library.

4. *»Visuals:s+ Match colors, styles, limits, and annotatlons exactly. Adapt the
implementation (e.g., interactfve tooltips ws. static text) to the strengths of the chosen
library.

@ss EXAMPLES OF EXPECTED OUTPUT STRUCTURE ##s

ssExample 1: Complex Network Graphss
*python
#

mporting Libraries

*Sales®, 1: "Marketing®, 2: "Product Development®,
3: "RED", 4: "Finonce®, 5: "Human Resources",
6: "IT Support®, 7: "Customer Service", 8: "Operations’,
9: "Legal®, 18: "Campliance®, 11: "Supply Chain'}
6.add_nodes_from(modules.keys())
edges = [(8, 1, 3), (1, 2, 4), (1, 9, 2), (2, 3, &), (3, 4, 3),
(3,5 2), (4,7, 2), (5 6, 1), (5, 10, 4), (7, 8, 3),
(8, 10, 4), (10, 11, 2)]
6.add_welghted_edges_from(edges)
pos = nx.spring_layout(6, seed=42)
node_labels = modules
edge_labels = {(start, end): f"{weight}" for start, end, weight in edges}

lot Configuration and Rendering

plt.f1gure(figsize=({fwidth}, fheight}))

node_size = [80@ + 288 » (1 % 3) for 1 in range(len(modules))]

node_color = [*lightblue” 1f 1 % 3 == @ else "green® Lf 1 % 3 == 1 else "red" for 1 In
range(len(modules))]

ne.drow(G, pos, node_size=node_size, node_color=node_color, with_labels=False, arrows=True)
nx.drow_networkx_lobels(6, pos, labels=node_labels, font_size=9)
ni.draw_networkx_edge_labels(G, pos, edge_labels-edge labels, font_color='red')
plt.title("Marking units and their collaboration relationships®, fontsize=15)
plt.axis('off')

plt.tight_layout
plt.savefig("output_graph.pdf*, bbox_inches="tight")

wxe INPORTANT »an

# Output ONLY the Python code fnside a single Markdown block ( python ... *)
# NO conversational text.

‘\

N

(b) Few-Shot Prompting

You are an expert in Python data visualization and
proficient in multiple libraries (including Matplotlib,
Seaborn, Plotly, Bokeh, Altair, etc.).

Your task is to analyze the provided image and write
complete Python code to reproduce it visually using the
**specified plotting libraryx*.

Requirements:

1. *xTarget Library:*x Use the library requested by the
user. If no specific library is mentioned, default to
Matplotlib.

2. *¥Data:** Create reasonable dummy data based on visual
trends observed in the image.

3. *xDimensions:¥** You MUST set the figure dimensions to
wxwidth: {width}, height: {height}*x. Use the syntax
strictly appropriate for the chosen library.

4. *¥Visuals:** Match colors, styles, limits, and
annotations exactly. Adapt the implementation (e.g.,
interactive tooltips vs. static text) to the strengths of
the chosen library.

5. *xComments:** Append a high-quality comment to EVERY code
line explaining the visual intent.

*%% IMPORTANT %%

- Output ONLY the Python code inside a single Markdown block
(python ... *

- NO conversational text.

J

(c) Self-Commentary Prompting

K‘, - NO conversational text.

You are an expert in Python data visualization and
proficient in multiple libraries (including Matplotlib,
Seaborn, Plotly, Bokeh, Altair, etc.).

Your task is to analyze the provided image and write
complete Python code to reproduce it visually using the
*xspecified plotting library*«.

### Anchor-Based Image Analysis

You will be provided with two images. The first image is the

original picture. The second image is the same picture

overlaid with a $6 \times 6$ dot matrix to serve as

reference anchors.

- Each dot is labeled with two-dimensional coordinates $(x,
)$.

¥ Within each column, the $x$-coordinate increases from top

to bottom.

- Within each row, the $y$-coordinate increases from left to

right.

- **Your Task:#* First, use these dots as reference anchors

to generate a detailed description of the picture (e.g.,

"Between dot (1,1) and (1,2), there is a legend..."). Then

based on this analysis, generate the code to reproduce the

image.

Requirements:

1. *xTarget Library:*x Use the library requested by the
user. If no specific library is mentioned, default to
Matplotlib.

2. *xData:¥* Create reasonable dummy data based on visual
trends observed in the image.

3. xx*Dimensions:¥* You MUST set the figure dimensions to
xx¥width: {width}, height: {fheight}#x. Use the syntax
strictly appropriate for the chosen library.

4. *#Visuals:** Match colors, styles, limits, and
annotations exactly. Adapt the implementation (e.g.,
interactive tooltips vs. static text) to the strengths of
the chosen library.

*¥% IMPORTANT #x*x

- First, provide the anchor-based description of the image.
- Then, output the Python code inside a single Markdown
block (**‘python ... **%)

(d) Scaffold Prompting

-

r’You are an expert in Python data visualization and proficient in

‘\

multiple libraries (including Matplotlib, Seaborn, Plotly, Bokeh,
Altair, ete.).

Your task is to analyze the provided image and write complete
Python code to reproduce it visually using the **specified
plotting libraryx.

### Analysis Phase

To ensure accuracy and detail in your recreation, begin with a
comprehensive analysis of the figure to develop an elaborate
description. This description should cover, but not be limited
to, the following aspects:

1. *xLayout and Structural Analysis:x* Identify the overall
composition and arrangement of elements. Note the presence of
subplots, grids, columns, or nested structures and how they are
aligned.

2. »xElement Identification:** Determine the nature of the
components present-such as chart types, text blocks, mathematical
notations, geometric shapes, or UL components. Identify if
elements are independent or share common structural frameworks
(like axes or containers).

3. *xContent and Data Interpretation:#* Summarize the information
or data patterns being conveyed. For visualizations, identify
trends; for documents or formulas, identify the semantic content
and hierarchy to generate accurate dummy data or text.

4. ¥xVisual and Stylistic Features:x* Identify supplementary
elements that contribute to clarity and aesthetics, including
color palettes, font styles, line weights, markers, legends,
transparency, and specific rendering artifacts.

Requirements:

1. *¥Target Library:** Use the library requested by the user. If
no specific library is mentioned, default to Matplotlib.

2. xxData:*x Create reasonable dummy data based on visual trends
observed in the image.

3. *xDimensions:** You MUST set the figure dimensions to **width:
{width}, height: {height}**. Use the syntax strictly appropriate
for the chosen library.

4. *xVisuals:** Match colors, styles, limits, and annotations
exactly. Adapt the implementation (e.g., interactive tooltips vs.
static text) to the strengths of the chosen library.

*%%x IMPORTANT *xx

- First, provide the hint-enhanced description of the image.
- Then, output the Python code inside a single Markdown block
(" python ... V).

- NO conversational text.

(e) Hint-Enhanced Prompting

Figure 26: Detailed visualization of the evaluated

prompting strategies (Part I). Figure 26: Detailed visualization of the evaluated

rompting strategies (Part II).
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J Datasheet for Omni-I12C

J.1 Motivation

1. For what purpose was the dataset created?
Was there a specific task in mind? Was there
a specific gap that needed to be filled? Please
provide a description.

Al: Omni-I2C is designed to evaluate the ca-
pability of Large Multimodal Models (LMMs) in
converting complex, structured digital graphics into
executable code. Existing benchmarks are often
restricted in image variety and programming lan-
guages, failing to capture the structural complex-
ity found in authentic, user-sourced applications.
This “Grand Challenge” requires a synergy be-
tween high-fidelity visual perception and precise
generative expression to achieve “pixel-to-program”
alignment.

2. Who created this dataset (e.g., which team,
research group) and on behalf of which entity
(e.g., company, institution, organization)?

A2: This dataset is created by the authors of this

paper.
3. Who funded the creation of the dataset? If
there is an associated grant, please provide the
name of the grantor and the grant name and
number.

A3: N/A.

J.2  Composition

1. What do the instances that comprise the
dataset represent? Please provide a description.
A1: Omni-I2C consists of 1,130 high-quality Im-
age2Code instances. Each instance comprises an
input digital graphic (image) and its corresponding
ground-truth implementation in executable code,
spanning technical domains such as scientific visu-
alizations, molecular structures, and complex sym-
bolic notations.
2. How many instances are there in total (of
each type, if appropriate)?

A2: There are 1,130 evaluation instances in total,
distributed across five programming and markup
languages: Python (364), LaTeX (274), HTML
(182), SVG (210), and SMILES (100).

3. Does the dataset contain all possible instances
or is it a sample? If the dataset is a sample, then
what is the larger set?

A3: It is a curated sample of real-world items.
To ensure practical utility, we harvested image-
code pairs from official documentation, specialized

tutorials, and community galleries, representing a
wide spectrum of digital content.

4. What data does each instance consist of?
“Raw” data or features?

A4: Each instance consists of the “raw” input
image, the corresponding textual instruction, and
the ground-truth executable code.

5. Is there a label or target associated with each
instance? If so, please provide a description.

AS: Yes. Each target is the executable code
that accurately reconstructs the visual input. The
fidelity of the reconstructed image is evaluated
across semantic and structural dimensions.

6. Is any information missing from individual
instances?

A6: No.

7. Are relationships between individual in-
stances made explicit?

A7: Yes. Instances are explicitly categorized by
their programming language, academic discipline
(8 subjects), and figure archetype (43 types).

8. Are there recommended data splits (e.g.,
training, development/validation, testing)?

A8: Omni-I2C is primarily intended as a bench-
mark for evaluation.

9. Are there any errors, sources of noise, or
redundancies in the dataset?

A9: No. All instances were verified through an
isolated sandbox environment to ensure the code
compiles and produces the correct visual output.
10. Is the dataset self-contained, or does it link
to or otherwise rely on external resources?

A10: The dataset is self-contained. While raw
data was collected from public sources, the final
curated benchmark includes all necessary code and
images.

11. Does the dataset contain data that might be
considered confidential?

All: No. A manual audit was performed to
prune any Personally Identifiable Information (PII).
12. Does the dataset contain data that might be
offensive?

A12: No.

J.3 Collection Process

1. How was the data associated with each in-
stance acquired?

Al: Data was acquired through a systematic
three-stage pipeline: collection, filtering, and de-
contamination. We targeted official documentation
and specialized galleries (e.g., Matplotlib Gallery,
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TikZ.net, TeXample.net) to capture genuine practi-
cal utility.

2. What mechanisms or procedures were used
to collect the data?

A2: We utilized a taxonomy-driven approach,
pre-defining a comprehensive schema to guide the
search and ensure broad coverage across subjects
and languages.

3. If the dataset is a sample from a larger set,
what was the sampling strategy?

A3: Purposeful sampling was used to address
gaps in existing benchmarks, with 5 languages and
43 distinct figure types.

4. Who was involved in the data collection pro-
cess?

A4: Beyond the primary authors, nine internal
annotators from the same research institution were
engaged for data collection. These individuals were
compensated at a rate of eight times the local min-
imum hourly wage. To prevent interference with
their regular schedules, the tasks were conducted
on a flexible, part-time basis without fixed daily
hour requirements. The average time commitment
per annotator was approximately two days.

5. Over what timeframe was the data collected?

AS: The collection, manual auditing, and decon-
tamination process took approximately one month.

J.4 Preprocessing/cleaning/labeling

1. Was any preprocessing/cleaning/labeling of
the data done?

Al: Yes. Candidates were executed in isolated
sandboxes to discard instances with compilation
errors. Manual auditing was used to prune social
biases and PII. Finally, we used an LLM to refine
the categorization of the remaining data.

2. Was a data decontamination strategy em-
ployed?

A2: Yes. We employed an LLM to reformu-
late code styles and aesthetic parameters (fonts,
layouts). For images, we performed “content era-
sure” and generated new synthetic strings to pre-
vent models from relying on linguistic priors or
memorization.

3. Is the software used to preprocess/clean/label
the instances available?

A3: The evaluation pipeline and sandbox config-
urations will be provided upon publication.

J.5 Uses

1. Has the dataset been used for any tasks al-
ready? If so, please provide a description.

Al: Yes. We benchmarked 13 state-of-the-art
LMMs, including GPT-5.1, Claude 4.5 Sonnet, and
Gemini 3 Pro, evaluating their ability to reconstruct
structural integrity in complex scenarios.

2. Is there a repository that links to any or all
papers or systems that use the dataset? If so,
please provide a link or other access point.

A2: N/A.

3. What (other) tasks could the dataset be used
for?

A3: Omni-I2C can be used for evaluating mul-

timodal reasoning, precise coordinate modeling in
SVG/HTML, and specialized chemical informatics
knowledge via SMILES.
4. Is there anything about the composition of the
dataset or the way it was collected that might im-
pact future uses? Is there anything a future user
could do to mitigate these undesirable harms?

A4: No. The dataset was designed with counter-
intuitive or “nonsense” content swaps to force mod-
els to rely on visual perception rather than linguistic
priors, which actually enhances its robustness as a
perceptual benchmark.

S. Are there tasks for which the dataset should
not be used? If so, please provide a description.

AS: N/A.

J.6 Distribution

1. Will the dataset be distributed to third parties
outside of the entity? If so, please provide a
description.

Al: Yes, the dataset will be publicly available
for the research community.

2. How will the dataset will be distributed?
Does the dataset have a digital object identifier
Don?

A2: Omni-12C will be distributed via the official
project website and GitHub.

3. When will the dataset be distributed?

A3: The dataset will be distributed once the
paper is accepted after peer review.

4. Will the dataset be distributed under a copy-
right or other license?

A4: It will be distributed under the Cre-
ative Commons Attribution-NonCommercial-
ShareAlike 4.0 International (CC BY-NC-SA 4.0)
License.

5. Have any third parties imposed IP-based or
other restrictions on the data associated with
the instances?

AS: No.
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6. Do any export controls or other regulatory
restrictions apply to the dataset or to individual
instances?

A6: No.

J.7 Maintenance

1. Who will be supporting/hosting/maintaining
the dataset?

Al: The authors.

2. How can the owner/curator/manager of the
dataset be contacted (e.g., email address)?

A2: Email addresses will be provided on the
project homepage post-publication.

3. Is there an erratum? If so, please provide a
link or other access point.

A3: Any errata will be posted on the project
GitHub repository.

4. Will the dataset be updated? If so, please
describe how often, by whom, and how updates
will be communicated to users?

A4: Yes. The authors will periodically update
the benchmark with new instances and categories
based on community feedback.

5. Will older versions of the dataset continue to
be supported/hosted/maintained? If so, please
describe how.

AS: Older versions will be archived on GitHub
to ensure researchers can reproduce results from
previous studies.

6. If others want to extend/augment/build
on/contribute to the dataset, is there a mech-
anism for them to do so?

A6: N/A.
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