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Abstract

While Multimodal Large Language Models
(MLLMs) have demonstrated the capacity for
multi-modal reasoning, current Referring Ex-
pression Comprehension (REC) benchmarks
lag behind, predominantly relying on intra-
image cues and neglecting the integration of
external world knowledge, which significantly
impedes the evolution of REC towards real-
world applications. This limitation obscures a
model’s true capability to conduct textual rea-
soning (entity resolution), resolve spatial loca-
tion (visual grounding), and verify reference va-
lidity (hallucination rejection). To address this,
we introduce KnowDR-REC, a targeted audit
benchmark comprising 1,042 positive triplets
derived from real-world knowledge, along with
rigorously matched negative samples. Unlike
traditional datasets, we implement a control-
lable counterfactual evaluation mechanism that
subjects textual expressions to single-factor per-
turbations (entity, relation, or time) to test sen-
sitivity to fine-grained factual changes. Exten-
sive evaluation of 18 state-of-the-art MLLMs
exposes a critical “binding hallucination,” re-
vealing that current high performance is often
built on fragile visual shortcuts rather than true
understanding. KnowDR-REC thus serves as
a pivotal diagnostic instrument, steering future
research toward the genuine integration of per-
ception and reasoning.

1 Introduction

Multimodal large language models (MLLMs) have
achieved remarkable progress in vision—language
understanding tasks (Liu et al., 2023; Zang et al.,

2025). In particular, in referring expression com-
prehension (REC) (Qiao et al., 2020), representa-
tive models such as CogVLM have reached near-
saturated performance on the RefCOCO family of
benchmarks (Yu et al., 2016; Wang et al., 2024a).
Existing evaluation metrics therefore appear to sug-
gest that these models have acquired fine-grained
visual grounding capabilities. However, we argue
that high accuracy on standard benchmarks may
mask fundamental limitations in the underlying
reasoning mechanisms. Most prior work primar-
ily exploits intra-image visual cues, such as color
attributes or spatial relations, to localize target ob-
jects (Wu et al., 2020), while largely overlooking
the fact that human referring expressions frequently
depend on external knowledge that spans temporal,
factual, and relational dimensions.

Consider the query, "Who is the flag bearer of
the US delegation at the 2024 Paris Olympics?"
Correctly resolving such a request within the REC
framework requires more than visual pattern match-
ing; it requires a reasoning process naturally de-
composed into three stages: Who (identifying the
correct individual), Where (visually grounding the
resolved entity) and Whether (verifying existence
to abstain when the entity is absent or the descrip-
tion contradicts reality. However, current evaluation
protocols overwhelmingly emphasize the Where
stage, providing little independent scrutiny of the
Who and Whether components. Consequently, it
remains unclear if strong model performance re-
flects genuine knowledge-conditioned reasoning or
merely the exploitation of visual shortcuts, such
as selecting the most salient object (Liu et al.,
2019). To systematically evaluate this gap, we in-
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Figure 1: KnowDR-REC is a novel benchmark that aims to integrate external world knowledge into the textual
expressions used in referring expression comprehension (REC).

troduce KnowDR-REC(Figure 1). KnowDR-REC
is not merely a harder dataset, but a diagnos-
tic audit framework explicitly designed to disen-
tangle knowledge reasoning from visual ground-
ing. Unlike benchmarks that increase difficulty by
lengthening descriptions or amplifying perceptual
complexity (Liu et al., 2024c; Xu et al., 2024),
KnowDR-REC is constructed around structured
factual knowledge derived from multi-hop question
answering sources. Each referring expression is
grounded in an explicit semantic representation, en-
abling controlled analysis of how models respond
to changes in underlying factual logic.

Central to KnowDR-REC is a counterfactual au-
dit protocol. For a given image and a factually cor-
rect referring expression, we extract its underlying
semantic tuple (s, r, o, t), corresponding to subject,
relation, object, and time. We then generate a paired
counterfactual expression by perturbing a single
factor—such as altering the year or substituting the
award recipient—while preserving grammatical flu-
ency and surface plausibility. This paired design
allows us to directly test a key hypothesis: when
the semantic logic of the input is reversed, does the
model’s localization behavior change accordingly,
or does it remain invariant?

We evaluate 18 representative MLLMs (Bai
et al., 2023; Comanici et al., 2025) under this pro-
tocol and observe substantial robustness deficien-
cies on knowledge-intensive REC tasks. Under an

instruction-guided binary decision setting, most
models exhibit pronounced difficulty in abstaining
from factually invalid queries, resulting in a marked
increase in error rates. More critically, even when
the referring expression is deliberately modified
into a counterfactual form that contradicts the origi-
nal factual semantics, many models continue to pre-
dict the same bounding box as for the correspond-
ing positive sample, often with high confidence.
This semantic—localization mismatch—where tex-
tual meaning changes but spatial predictions re-
main invariant—suggests that models may bypass
textual reasoning altogether and instead rely on spu-
rious shortcut associations between visual features
and entity types. Such shortcut binding behavior
reveals a fundamental decoupling between knowl-
edge reasoning and visual grounding in current
MLLMs, rather than a true integration of the two
modalities.

In summary, this work makes the following con-
tributions:

(1) We introduce KnowDR-REC, a diagnostic
benchmark designed to rigorously evaluate
knowledge-conditioned visual grounding ca-
pabilities.

(2) We propose a counterfactual negative sample
generation method for REC based on semantic
tuple perturbation.

(3) Our evaluation of 18 MLLMSs reveals a critical
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reasoning—grounding decoupling. We identify
“shortcut binding” as a dominant failure mode,
where models rely on visual saliency while
ignoring contradictions in textual semantics.

2 Related Work

2.1 Referring Expression Comprehension

Referring Expression Comprehension (REC) is a
core task in multimodal understanding that detects
the visual target based on natural language. Clas-
sic benchmarks such as the RefCOCO series rely
on short spatial expressions and have been nearly
saturated—models like CogVLM (Wang et al.,
2024a) achieve strong results even in zero-shot set-
tings, with 92.44% on RefCOCO, 88.55% on Ref-
COCO+, and 90.67% on RefCOCOg (Acc@0.5),
revealing a performance ceiling and limited room
for further progress.

To advance the task, recent datasets increase
complexity: HC-RefLoCo (Wei et al., 2024) uses
long human-centric expressions, FineCops-Ref
(Liu et al., 2024c) focuses on compositional reason-
ing, ReSeDis (Huang et al., 2025) introduces cross-
dataset and open-world settings, and MC-Bench
(Xu et al., 2024) extends REC to the multi-image
domain.

Despite progress, existing benchmarks lack hard
negatives, temporal cues, and knowledge-based ref-
erences—e.g., referring to people via historical
or biographical facts—Ilimiting real-world appli-
cability. This calls for more realistic, knowledge-
intensive REC datasets and evaluation protocols.

2.2 Knowledge-intensive Understanding

Integrating external knowledge is essential for rea-
soning in multimodal tasks, as many real-world
questions require factual, temporal, or relational
information beyond what is visible in an image. In
Natural Language Processing (NLP), benchmarks
like HotpotQA (Yang et al., 2018) and MetaQA
(Puerto et al., 2021) test multi-hop reasoning across
documents or knowledge graphs. In vision, datasets
like OVEN (Hu et al., 2023), WIKIPerson(Sun
et al., 2022), and KVQA (Shah et al., 2019) re-
quire linking visual entities to external knowledge
bases, enabling more accurate and context-aware
understanding.

In contrast, existing Referring Expression Com-
prehension (REC) datasets rely mostly on common-
sense or intra-image cues. KB-Ref (Wang et al.,
2020) incorporates basic commonsense knowledge,

but lacks integration of rich factual or temporal
knowledge. This exposes a key gap in REC eval-
uation—namely, the inability to test knowledge-
intensive reasoning in multimodal grounding tasks.

2.3 Multimodal Model Evaluation and
Hallucination

Hallucination has become central to evaluating ro-
bustness in MLLMs, particularly vision-language
models (VLMs) (Liu et al., 2024b; Bai et al., 2024).
A special case is "unsolvable problem detection
(UPD)," where models should ideally abstain due
to the absence or mismatch of visual content. Prior
studies systematically explored single-object hallu-
cination (Li et al., 2023), multi-object hallucination
(Chen et al., 2024), abstention in multimodal QA
scenarios (Miyai et al., 2024) . However, current
REC benchmarks, despite constructing negative
samples (Liu et al., 2024c¢), fail to provide an ex-
planation for the causes of hallucination. To bridge
this gap, our benchmark introduces controlled neg-
ative samples through temporal knowledge graph
manipulations and employs two evaluation settings,
enabling a systematic analysis of hallucination trig-
gers within REC tasks.

3 Benchmark

To overcome the reliance on intra-image cues in
standard benchmarks, KnowDR-REC leverages
real-world multi-person images where resolution
requires external factual, relational, and temporal
knowledge. We focus on persons as the primary car-
riers of rich relational and temporal facts, and con-
struct paired counterfactual negatives. Accordingly,
our diagnostic protocol is designed to rigorously
audit the alignment between textual reasoning and
visual grounding.

3.1 Task Formulation

KnowDR-REC formulates knowledge-conditioned
referring expression comprehension as a text-
driven instance reasoning and grounding task under
strong intra-class ambiguity. Given an image I con-
taining multiple instances of the same object cat-
egory P = {p1,...,pn} and a natural-language
expression x whose resolution cannot be deter-
mined from intra-image evidence or dataset-level
statistical biases alone, the model is required to per-
form explicit reasoning beyond visual cues, identify
the unique instance in P that satisfies the external
knowledge constraints implied by z, and localize it
in the image. If no instance in I is consistent with
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from: 2002

...made his senior debut for Sporting CP in 2013.

(b) Negative Image

Morgan Freeman

N

The person starred in a
2010 Nike advert and
made his senior debut for
Sporting CP in 2002.

>(_wmn )

Figure 2: Negative sample construction in KnowDR-REC. Starting from an image-text pair, we extract a temporal
knowledge graph from the textual expression. Fine-grained negative samples are introduced by perturbing factual
triples within the graph. Additionally, coarse-grained negatives are obtained by pairing the original text with
semantically unrelated images using image-text re-ranking.

the reasoning outcome, the model should abstain
from grounding.
Formally, the task is defined as

b e R,
a, otherwise.

F(IL2) dp; € Pst.p; ~x,

where b denotes the bounding box of the selected
instance p;, and p; ~ x indicates that instance p;
is consistent with the knowledge-dependent con-
straints expressed in x.

3.2 Dataset Construction

KnowDR-REC consists of a positive set DT =
{(I, z,b*)}, where I is the image, x is the referring
expression, and b* is the ground-truth bounding
box; and a negative set D~ = {(I, x)} comprising
(i) minimally edited counterfactual negative expres-
sions and (ii) paired contrast negatives formed by
mismatching images and expressions. Statistics of
our dataset are presented in Appendix 6.2.

Expression sources and rewriting. To obtain
natural, diverse, and knowledge-intensive referring
expressions, we curate person-centric questions
from four widely used multi-hop QA datasets—
ComplexWebQuestions (Talmor and Berant, 2018),
HotpotQA (Yang et al., 2018), KQA Pro (Cao et al.,

2020), and MetaQA (Puerto et al., 2021). We manu-
ally filter candidate questions to ensure each target
person is unambiguous and uniquely determined by
the textual constraints. We then use GPT-4o0 (Hurst
et al., 2024) to rewrite questions into declarative
REC-style expressions, improving fluency and lin-
guistic variety while preserving the original fac-
tual constraints. This pipeline yields 2,537 refer-
ring expressions forming the expression corpus of
KnowDR-REC.

Image retrieval and filtering. For each tar-
get person, we retrieve candidate images from
Wikipedia (Bridge, 2001). To avoid trivial single-
portrait grounding and to introduce realistic dis-
tractors, we retain only visually rich images that
contain multiple persons, span diverse categories,
and meet a minimum resolution requirement (e.g.,
> 300 x 300). We use YOLOVS (Sohan et al., 2024)
as a pre-filter to verify multi-person criteria and im-
age quality, rather than as an automatic annotator.

Positive triplets. We annotate instance-level
bounding boxes for a subset of image—expression
pairs where the referred person is present and
uniquely identifiable. To improve reliability, we
adopt two independent annotation routes: one team
localizes the target using publicly available appear-
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ance descriptions, while another team uses GPT-40
to generate descriptive cues and then annotates ac-
cordingly. We keep only samples where both routes
consistently identify the same instance. In addition,
we manually filter triplets whose referent can be
resolved from intra-image cues (e.g., color, cloth-
ing, position) or generic commonsense priors (e.g.,
height, gender), ensuring that correct grounding
requires external knowledge. This results in 1,042
verified triplets.

Counterfactual negative expressions. To con-
struct fine-grained negatives, we parse textual
expressions into temporal knowledge tuples
(s,r,0,t), where s,0 € & represent the subject
and object entities, » € R denotes the relation,
and ¢t € T indicates the timestamp. We employ
GPT-40 to perturb a single factor within the tu-
ple and rewrite the expression, thereby generating
counterfactuals that preserve the original surface
form (e.g., length and syntax) to avoid trivial biases
(see Figure 2). All samples are manually verified
to ensure they introduce a definitive semantic con-
tradiction with the image while retaining linguistic
fluency.

Negative image—text pairs. We additionally con-
struct coarse-grained mismatched negatives to
serve as a clean baseline. Detailed comparative
analysis between these coarse-grained negatives
and the fine-grained counterfactuals is provided in
Appendix 6.3 .

3.3 Evaluation Protocol

We evaluate models with a unified stage-wise au-
dit protocol that measures textual reasoning, visual
grounding, and refusal on negative samples, and
further quantifies the coupling between textual rea-
soning and visual localization.

Textual reasoning. For each positive sample,
we extract the predicted entity from the model’s
chain-of-thought response. We report textual rea-
soning accuracy (Accrext) using alias-based match-
ing, where a prediction is deemed correct if it
matches any entry in a predefined alias table (cover-
ing alternative spellings, transliterations, and abbre-
viations). This metric isolates the model’s ability to
resolve entities based on textual expression rather
than intra-image visual cues.

(a) Grounding With Understanding (Ideal) @ Correct

The person was the starring player in the
movie that Ryan Woodward worked on.

Reasoning Path

‘T
P 3 4 Reasoning Chain: Space Jam — Michael Jordan

€ Incorrect Reasoning |

ing (Shortcut)
The person was the starring player in the
movie that Ryan Wolodward worked on.
Incorrect Reasoning Path

Flawed Reasoning Chain: Ryan Woodward —
Space Jam: A New Legacy — LeBron James

Find the player in the sequel to the movie ...
Invalid Grounding -

Fact Check: MJ is not in Space Jam 2
Should Abstain (Output: None)

Figure 3: Visual grounding behaviors observed in REC
tasks: (a) correct grounding based on correct under-
standing, (b) correct grounding based on incorrect un-
derstanding, and (c) “correct” grounding under negative
descriptions.

Visual grounding. We measure grounding accu-
racy at multiple IoU thresholds 7 € {50, 75,90}:

Moo — T 2.57) € DT 10U, b7) > 7%}
T ’D_;’_‘ ’

where IoU(b, b) = % measures the spa-
tial overlap between the predicted and ground-truth

bounding boxes.

Refusal on negatives. We use two complemen-
tary negative protocols. In the Basic Setting, the
model is evaluated using the same prompt as for
positive samples, directly outputting a bounding
box without explicit refusal instructions; we report
the Error rate:

e HLo) €D f(Le) £ oY
D

Regarding the Instruction-guided Setting, prior
research highlights that the reward mechanism in
RLVR can inadvertently induce sycophancy, where
models prioritize maximizing rewards by forcing
responses rather than admitting ignorance when
facing uncertainty (Kalai et al., 2025). To mitigate
this tendency, the prompt in this setting explicitly
instructs the model to first make a binary existence
decision (yes/no) prior to grounding. We report the
balanced accuracy over an equal number of positive
and negative samples:

BalAcc = % ( TP i > ,

D D7

where TP denotes true positives (correctly iden-
tified as present) and TN denotes true negatives
(correctly identified as absent).
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4 Experiments and Results

In this section, we conduct a comprehensive evalu-
ation of 18 state-of-the-art MLLMs on KnowDR-
REC. Beyond standard performance metrics, we
aim to disentangle the model’s capability for visual
grounding from its ability to perform reasoning
based on textual input. Furthermore, we assess the
models’ rejection capabilities on negative samples
under two distinct evaluation settings.

Our analysis unveils a critical paradox: mod-
els often achieve high grounding precision yet fre-
quently fail to resolve underlying entities or iden-
tify factual contradictions (Figure 3). This phe-
nomenon suggests that on our proposed bench-
mark, models predominantly rely on spurious vi-
sual shortcuts rather than genuine multimodal rea-
soning. This raises serious concerns regarding their
reliability in reference tasks that require complex
textual understanding and knowledge beyond the
visible image.

4.1 Experimental Setup

We evaluate all models in a zero-shot setting. Our
selection encompasses three categories of repre-
sentative models: closed-source general MLLMs,
including Gemini 3 Pro/Flash and Grok-2 Vision;
open-source general MLLMs, such as the Qwen-
VL series and SPHINX; and open-source special-
ized MLLMs designed for visual grounding, such
as VLM-RI1 and Ferret.

To systematically audit the three stages of
knowledge-driven Referring Expression Compre-
hension (REC), we employ a multi-dimensional
metric system. Specifically, for visual grounding,
we report standard accuracy at different IoU thresh-
olds (0.5, 0.75, and 0.9) to measure localization
precision. For textual reasoning, we utilize Chain-
of-Thought (CoT) prompting and calculate reason-
ing accuracy (Accrext) through specific character
dictionaries and alias matching. To assess rejection
capability on negative samples, we measure the
Error Rate in the basic setting and Balanced Accu-
racy (BalAcc) in the instruction-guided setting. All
experiments are conducted on NVIDIA RTX 4090
GPUs.

4.2 Main Results: The Paradox of High
Grounding and Low Reasoning

As shown in Table 1, strong baselines such as
Qwen-VL-Max and Qwen2.5-VL-72B demon-
strate impressive localization capabilities, achiev-

ing Accy 5 scores of 72.2% and 71.0%, respectively.
Even smaller models like Qwen2.5-VL-3B exhibit
competitive performance (60.6%). We additionally
report the mean localization accuracy mAcc aver-
aged over IoU thresholds {0.5,0.75,0.9} to better
reflect precision degradation at stricter overlap cri-
teria. The majority of evaluated models surpass
50% accuracy on Accg s in the zero-shot setting,
but their mAcc values are consistently lower, in-
dicating that coarse localization success does not
necessarily translate into high-precision ground-
ing. Superficially, these results seem to imply that
current MLLMs have mastered fine-grained visual
grounding.

However, in-depth analysis reveals a severe dis-
connect in model capabilities. First, textual rea-
soning significantly lags behind grounding per-
formance. For instance, while Qwen-VL-Plus
achieves a grounding accuracy of 64.6%, its rea-
soning accuracy is only 39.8%, implying it often lo-
calizes the “correct” object without knowing “who”
the object is. Second, performance in the “exis-
tence verification” stage is even more concerning.
In the evaluation of negative sample error rates,
most models suffer catastrophic failures. In the
basic setting for negative samples, open-source
models like Qwen2.5-VL and VLM-R1 exhibit
error rates approaching 100%, blindly predicting
bounding boxes for factually invalid descriptions.
In the instruction-guided setting, model accuracy
approximates random guessing, failing to distin-
guish whether the referred entity actually exists in
the image. This paradox of “High Grounding, Low
Reasoning, and Low Rejection” indicates that re-
lying solely on standard metrics (Accg 5) to judge
visual grounding may mask fundamental flaws in
the models’ logic. Additional analyses on one-shot
prompting and Gemini box-formatting behavior are
provided in Appendix 6.8.4 and Appendix 6.8.6,
respectively.

4.3 Diagnostic Analysis: Unveiling Shortcut
Binding

To explain the paradox observed above—where
models correctly “ground” entities they fail to iden-
tify—we employ a counterfactual audit mecha-
nism. Our analysis demonstrates that this perceived
grounding success is primarily driven by shortcut
binding rather than deep semantic understanding.
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Methods Size Positive Sample Negative Sample
Accos  Accors Accoo mAce AcCress A Amismach - pBrorRate  BalAcc
Closed-Source Generalist MLLMs
Gemini 2.5 Flash(Comanici et al., 2025) - 44.1 16.3 2.7 21.0 84.7 46.2 32.2 79.3 82.0
Gemini 2.5 Pro(Comanici et al., 2025) - 21.9 4.6 0.8 9.1 89.1 23.5 9.4 97.1 79.4
Gemini 3 Flash(DeepMind, 2025a) - 53.5 324 11.2 324 98.2 53.9 41.5 71.5 70.8
Gemini 3 Pro(DeepMind, 2025b) - 43.8 27.5 11.8 27.7 91.5 40.2 56.5 74.2 76.4
Grok-2 Vision(Xie et al., 2025) - 56.7 16.6 8.4 27.2 71.0 61.4 45.0 83.5 78.5
Qwen-VL-Plus(Bai et al., 2023) - 64.6 54.9 24.6 48.0 39.8 83.7 51.9 72.5 51.7
Qwen-VL-Max(Bai et al., 2023) - 72.2 65.6 47.2 61.7 61.4 80.4 59.0 70.7 57.4
Open-Source Generalist MLLMs
Qwen2.5-VL(Bai et al., 2025) 3B 60.6 54.5 38.8 51.3 34.6 86.4 46.9 100.0 52.3
Qwen2.5-VL(Bai et al., 2025) 7B 59.1 48.4 20.4 42.6 40.8 82.0 43.3 98.7 51.1
Qwen2.5-VL(Bai et al., 2025) 32B 57.6 45.9 28.3 43.9 43.2 71.6 43.8 81.3 55.5
Qwen2.5-VL(Bai et al., 2025) 72B 71.0 63.8 45.9 60.2 61.6 68.0 56.6 81.2 54.8
SPHINX-Tiny(Lin et al., 2023) 1.1B 8.3 2.1 1.6 4.0 10.4 21.7 6.7 100.0 55.1
SPHINX-v2-1k(Liu et al., 2024a) 13B 38.1 14.3 3.6 18.7 32.5 42.8 35.7 93.1 61.0
Open-Source Specialist MLLMs
VLM-R1(Shen et al., 2025) 3B 63.7 61.5 40.5 55.2 36.8 78.1 55.9 100.0 56.0
GroundingGPT(Li et al., 2024) 7B 49.6 414 16.4 35.8 16.1 37.3 52.3 100.0 47.0
Ferret(You et al., 2023) 7B 35.7 23.6 12.7 24.0 23.7 50.8 314 88.1 51.5
Ferret(You et al., 2023) 13B 44.5 31.4 16.6 30.8 24.9 57.3 39.8 94.3 52.4
REESEEK(Jiang et al., 2025) 7B 46.2 40.7 35.1 40.7 - - - 78.5 -

Table 1: Comparison of baselines on KnowDR-Bench. In the positive sample, we summarize the model’s performance
in textual reasoning and visual grounding, and analyzed the impact of the success of textual reasoning on visual
grounding. In the negative sample, we evaluated the performance under two settings.

Bm Entity Replacement B Time Error

B Relation Replacement

1.0

0.9

Error Rate
=} o <) <}
15 o ~ ©

I
>

Figure 4: A comparison of error rates across multiple
models under different types of negative samples.

4.3.1 Counterfactual Insensitivity and
Shortcut Binding

To rigorously investigate model sensitivity to fine-
grained semantic changes, we audited localization
behavior by directly comparing positive sample
triplets with their paired counterfactual negative
samples. The core premise is straightforward: if a
model truly comprehends the referring expression,
a semantic inversion of the prompt (e.g., changing
the timeline or relation) should necessitate a shift in

73

Correct —|

Textual Reasoning

Wrong -

1 I
Correct Wrong

Visual Grounding

Figure 5: Confusion matrix analysis for Qwen2.5-VL-
7B.

visual attention or a refusal to predict. However, the
quantitative evidence in Table 2 reveals a pervasive
failure mode we term “Shortcut Binding.”

We observe an alarmingly high degree of predic-
tion invariance across leading models. For instance,
Qwen-VL-Plus exhibits a consistency score (Neg-
Pos) of 63.8%, and Qwen2.5-VL-72B reaches
67.2%. This implies that for nearly two-thirds of
the test cases, even when the input text is modified
to factually contradict the image content, the mod-
els stubbornly predict the exact same bounding box
as they did for the correct query. This behavior is
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Acc@0.5 (%)
Pos-GT Neg-GT Neg-Pos
Closed-Source Generalist MLLMs

Methods Size

Gemini 2.5 Flash — 44.1 1.0 1.8
Gemini 2.5 Pro - 21.9 9.1 11.5
Gemini 3 Flash - 53.5 5.2 7.8
Gemini 3 Pro - 43.8 24.5 28.9
Grok-2 Vision - 56.7 43 6.5
Qwen-VL-Plus - 64.6 59.6 63.8
Qwen-VL-Max - 72.2 56.9 61.5
Open-Source Generalist MLLMs
Qwen2.5-VL 3B 60.6 52.1 56.8
Qwen2.5-VL 7B 59.1 25.3 29.5

Qwen2.5-VL 32B  57.6 46.5 50.4
Qwen2.5-VL 2B 710 61.9 67.2
SPHINX-Tiny 1.1B 8.3 6.2 7.0
SPHINX-v2-1k  13B  38.1 56.2 48.5

Open-Source Specialist MLLMs

VLM-RI 3B 63.7 494 54.2
GroundingGPT 7B 49.6 49.6 53.0
Ferret 7B 35.7 323 34.8
Ferret 13B 445 46.6 475
REESEEK 7B 46.2 27.1 31.2

Table 2: Analysis of reasoning-grounding consistency.
Pos-GT: Standard grounding accuracy on positive sam-
ples. Neg-GT: Accuracy calculated by comparing pre-
dictions under negative expressions against the original
ground truth. Neg-Pos: Consistency accuracy calculated
by measuring the IoU overlap between the predicted
boxes of positive and negative expressions.

not merely an error in judgment but a fundamental
bypass of the textual reasoning stage. The models
appear to treat the textual query as a generic trigger
for object detection rather than a set of semantic
constraints. Consequently, the high scores on stan-
dard benchmarks (Accg 5) are largely illusory: mod-
els are not grounding the specific entity described
by the complex text, but are mechanically binding
the input to the most visually salient or prototypical
object in the scene, rendering them insensitive to
the actual logical content of the expression. To rule
out the concern that this effect is driven by posi-
tives that were already failed in the original task,
we further performed a conditioned counterfactual
audit restricted to samples that were correctly lo-
calized under the original positive expression. The
same qualitative pattern persists: strong models still
tend to preserve highly overlapping boxes after the
semantic constraints are flipped, confirming that
the observed invariance is not merely noise from
already-incorrect positives. Additional examples
and implementation details are summarized in Ap-
pendix 6.8.3.

4.3.2 Fine-grained Sensitivity Analysis across
Perturbation Types

We further decompose the negative samples into
three perturbation types—entity, relation, and
time—to pinpoint the triggers of hallucination.
As shown in Figure 4, models generally lack the
granularity to verify specific factual constraints.
While generalist models like Qwen-VL-Max show
marginal robustness, most architectures, especially
specialist grounding models like Ferret, exhibit er-
ror rates nearing 100% on relation and time per-
turbations. Notably, abstract semantic constraints
(time/relation) consistently induce higher error
rates than concrete entity attributes. This sug-
gests that while models may detect visual mis-
matches (e.g., gender), they are largely "blind" to
non-visual contradictions, defaulting to grounding
based solely on object presence. We additionally
stratified performance by target saliency, using tar-
get size and spatial centrality as coarse proxies.
The resulting trend is consistent with the shortcut-
binding hypothesis: models are substantially more
likely to output the correct box when the target is
large or near the image center, even when textual
reasoning is incorrect. This explains why shortcut
binding can sometimes appear successful on posi-
tive samples: salient targets make visually driven
guessing more likely to coincide with the annotated
ground truth. A concise summary is provided in
Appendix 6.8.5.

4.3.3 Decoupling Reasoning from Grounding

To statistically verify this reliance, as shown in
Table 1, we report Ag‘é‘mh and Aggsmamh, which
represent the grounding accuracy conditioned on
whether the textual reasoning was correct or in-
correct, respectively. Ideally, if a model fails to
identify the correct target entity (reasoning error),
its subsequent localization should be akin to a ran-
dom guess, resulting in low grounding accuracy.
However, the metric Aggsmawh in Table 1 reveals a
severe decoupling.

Take Qwen-VL-Max as a representative exam-
ple: it achieves an ATUSMAh of 59.0%. This statistic
indicates that in cases where the model explicitly
retrieves the wrong entity name or fails to reason
about the identity, there is still nearly a 60% proba-
bility that it will hit the correct bounding box. This
phenomenon is counter-intuitive and points to a
"Lucky Guessing" mechanism driven by dataset
bias or visual saliency rather than logical deriva-
tion.
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To dissect this further, we visualize the confu-
sion matrix for Qwen2.5-VL-7B (Figure 5). A sig-
nificant density of samples clusters in the “Wrong
Reasoning but Correct Grounding” quadrant. These
are instances where the model’s Chain-of-Thought
reveals a complete hallucination or misidentifica-
tion of the target person, yet the final bounding box
output is technically correct. This provides strong
visual and statistical evidence that the reasoning
and grounding modules are functionally decoupled.
The model effectively “guesses right for the wrong
reasons,” confirming that current state-of-the-art
performance is inflated by spurious correlations be-
tween visual features and entity types, independent
of the complex knowledge reasoning required by
the prompt.

5 Conclusion

In this paper, we introduce KnowDR-REC, a di-
agnostic benchmark designed to scrutinize the
knowledge-conditioned reasoning capabilities of
MLLMs within the context of Referring Expression
Comprehension. Unlike traditional benchmarks
that focus primarily on visual localization driven
by intra-image cues, KnowDR-REC requires mod-
els to resolve the target identity based on external
knowledge , localize its spatial position, and make
a rejection decision regarding invalid queries .

Our comprehensive evaluation of 18 state-of-
the-art MLLMs reveals a critical paradox: while
models achieve high performance on standard
grounding metrics, they exhibit severe deficien-
cies in textual reasoning and hallucination rejection.
Through counterfactual auditing, we diagnose this
phenomenon as "shortcut binding," where models
bypass semantic reasoning and instead rely solely
on visual features for reasoning. These findings
suggest that the high grounding accuracy in current
benchmarks often masks a fundamental decoupling
of perception and reasoning. KnowDR-REC en-
courages a shift from surface-level pattern match-
ing toward knowledge-driven multimodal under-
standing.

Limitations

Despite the diagnostic value of KnowDR-REC,
several limitations characterize our current work.
First, our benchmark focuses exclusively on person-
centric entities. While humans are the most
knowledge-dense subjects for examining external
references, this design choice limits our ability

to evaluate knowledge-conditioned grounding for
inanimate objects, landmarks, or biological species.
Second, the dataset is currently English-only, and
the lack of multilingual queries restricts the eval-
uation of cross-cultural knowledge transfer capa-
bilities. Finally, our assessment of textual reason-
ing relies on explicit Chain-of-Thought generation.
While we employ robust alias-based matching, this
proxy may not perfectly capture a model’s internal
belief state (Turpin et al., 2023), and it is possible
that some models possess implicit knowledge that
is not fully verbalized in the generated rationale,
potentially affecting the precision of our reasoning-
grounding decoupling analysis.
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6 Appendix

6.1 Code Availability

The code for KnowDR-REC is available at https:
//github.com/LetltBe12345/KnowDR-REC.

6.2 Data Statistic

The statistical overview of our dataset is shown in
Figure 7.

6.3 Comparative Analysis of Negative Sample
Categories

To provide a fine-grained understanding of the
grounding capabilities of MLLMs, we categorize
the negative samples into two distinct types: Coun-
terfactual Negative Samples and Negative Image-
Text Pairs. The former aggregates samples contain-
ing subtle textual hallucinations (i.e., entity replace-
ment, relation replacement, and time errors), while
the latter represents coarse-grained image-text mis-
matches.

As illustrated in Figure 6, we observe a signifi-
cant performance disparity between these two cat-
egories. Across the 12 evaluated models, the aver-
age error rate on Counterfactual Negative Samples
reaches 86.9%, which is substantially higher than
the 61.2% error rate observed on Negative Image-
Text Pairs.

As illustrated in Figure 6, we observe a signifi-
cant performance disparity between these two cat-
egories. Across the 12 evaluated models, the aver-
age error rate on Counterfactual Negative Samples
reaches 86.9%, which is substantially higher than
the 61.2% error rate observed on Negative Image-
Text Pairs.
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Figure 6: Performance comparison of 12 MLLMs on
two categories of negative samples. The blue bars repre-
sent the average error rate on Counterfactual Negative
Samples (fine-grained), while the orange bars represent
the error rate on Negative Image-Text Pairs (coarse-
grained).
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Figure 7: Data Statistics.

This discrepancy suggests that while current
MLLMs possess reasonable capabilities in dis-
tinguishing completely irrelevant images (coarse-
grained alignment), they struggle severely with
fine-grained visual-semantic verification. When
the text is partially aligned with the image but
contains subtle factual manipulations—such as
changed entities or relations—most models fail
to reject the false positive. Notably, while models
like gwen-v1-plus demonstrate relatively better
robustness (0.604 error rate on counterfactuals),
several models (e.g., ferret-13B, SPHINX-v2-1k)
exhibit near-saturation error rates (= 1.0) on coun-
terfactual samples, highlighting a critical bottle-
neck in the precise grounding capabilities of state-
of-the-art MLLMs.
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6.4 Future Work

Although this study proposes a novel paradigm for
evaluating knowledge-driven referring expression
understanding, there remain some non-negligible
limitations. Our currently constructed benchmark
dataset primarily focuses on “person” entities. This
design choice is justifiable—persons often serve
as key carriers and conveyors of complex world
knowledge and frequently appear in real-world ap-
plications. However, this focus inevitably limits
the evaluation coverage, thereby constraining the
generalizability and applicability of the proposed
paradigm to some extent.

Specifically, while person entities are indeed rep-
resentative in terms of knowledge expression and
understanding, they do not encompass all entity
types that possess knowledge value and pose rea-
soning challenges in the real world. For instance,
landmark buildings with historical or cultural sig-
nificance, artworks, natural landscapes, scientific
inventions, and other such entities are also impor-
tant targets for knowledge-driven reference. These
types of entities often exhibit characteristics and
challenges in knowledge representation, contex-
tual understanding, and reasoning that differ signif-
icantly from those of person entities. Moreover, an
overreliance on “person” as the primary research
object may lead to performance degradation or ca-
pability bottlenecks when the system is applied
to other entity types, thereby affecting its general-
ization ability and practical value in diverse and
complex scenarios.

Therefore, future research could proceed along
the following directions: (1) When constructing
benchmark datasets, further diversify the types
of entities included, applying the methodology to
more fine-grained and richly categorized entities,
such as historical events, cultural heritage sites,
famous artworks, scientific achievements, or nat-
ural geographic units. (2) Design evaluation tasks
and annotation schemes tailored to the differing
demands of knowledge reasoning, contextual ambi-
guity, and expression modalities brought by various
entity types, thereby enhancing the benchmark’s
comprehensiveness and level of challenge. (3) In
the process of data expansion and methodologi-
cal refinement, emphasize the coordinated use of
multimodal information (e.g., images, text, struc-
tured knowledge) to further improve the paradigm’s
adaptability to complex real-world applications.

6.5 Foundation Dataset

6.5.1 ComplexWebQuestions

ComplexWebQuestions (Talmor and Berant, 2018)
is a benchmark dataset for evaluating the capabili-
ties of question answering systems under complex
natural language queries. This dataset is built upon
simple questions from WebQuestionsSP, which are
structurally expanded into more complex SPARQL
queries and then paraphrased into natural language
questions via crowdsourcing. The final dataset com-
bines these questions with Freebase entity answers
to create high-quality multi-hop QA samples. A
central feature of CWQ is that it requires models
to perform compositional reasoning, such as inte-
grating information under entity constraints, com-
parisons, and conjunctive conditions.

Although the original goal of ComplexWebQues-
tions was to train and evaluate multi-hop QA sys-
tems that integrate information retrieval and read-
ing comprehension, assuming access to external
snippets or knowledge graphs, the high-quality de-
sign of its questions has led to its widespread use
in recent years for evaluating the multi-hop rea-
soning capabilities of large language models under
zero-shot settings.

6.5.2 HotpotQA

HotpotQA (Yang et al., 2018) is a benchmark for
evaluating multi-hop reasoning over natural lan-
guage passages. It contains crowdsourced ques-
tions that require integrating facts from multiple
Wikipedia articles. Each sample provides not only
the answer but also sentence-level supporting facts,
enabling supervision for both reasoning and expla-
nation.

The dataset includes two question types—bridge
and comparison—and is split into distractor and
fullwiki settings. Its design encourages models
to perform document-level inference with inter-
pretable outputs. Though limited to Wikipedia and
prone to annotation noise, HotpotQA remains a
central resource for supervised and zero-shot multi-
hop QA research.

6.5.3 MetaQA

MetaQA (Puerto et al., 2021) is a synthetic QA
dataset focused on multi-hop reasoning over a
movie-domain knowledge graph. It features tem-
plated questions spanning 1 to 3 hops and comes in
three formats: vanilla (text), NTM (paraphrased),
and audio (TTS).
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Its structured design allows precise evaluation of
reasoning depth, but the reliance on templates and
a narrow domain restricts generalization. Despite
this, MetaQA is widely used in early-stage QA
experiments and KG reasoning studies, especially
for weak supervision and transfer learning setups.

6.54 KQA Pro

KQA Pro (Cao et al., 2020) is a compositional
QA dataset over Wikidata that combines natu-
ral language questions with executable KoPL and
SPARQL programs. It covers a wide range of rea-
soning skills, including logical, numerical, and
multi-hop operations.

Each question aligns with symbolic reasoning
steps, supporting explainable and program-guided
QA. Though limited to a subset of Wikidata and re-
quiring familiarity with program supervision, KQA
Pro provides a strong benchmark for training inter-
pretable and modular QA models over structured
knowledge.

6.6 Preliminaries

6.6.1 Multi-hop Question Answering

Multi-hop Question Answering (Multi-hop QA)
refers to tasks where answering a question requires
traversing two or more pieces of information and
reasoning through a series of intermediate facts
(hops) to arrive at the correct answer. Unlike single-
hop QA, which often allows direct inference from a
single text passage or a single triple, multi-hop QA
imposes higher demands on long-range retrieval, in-
formation integration, and logical reasoning, while
also naturally providing opportunities for explain-
ability evaluation (e.g., requiring supporting sen-
tences or explicit reasoning paths). Multi-hop QA
also serves as a crucial benchmark for evaluat-
ing the reasoning limits of large language models
(LLMs) under zero-shot conditions, and becomes
particularly challenging in the closed-book setting.
Recently, a growing body of work has begun to sys-
tematically explore the capabilities of LLMs under
this setting. For instance, the FanOutQA (Zhu et al.,
2024) significantly increases the depth of reasoning
chains (with an average of 7 hops); under the con-
straint of no external retrieval, even GPT-4 achieves
only around 47% loose accuracy and less than 10%
strict accuracy. Moreover, methods such as MZQA
(Lee et al., 2024) and SG-FSM (Wang et al., 2024b)
attempt to mitigate error propagation across reason-
ing steps through structured search mechanisms
like Monte Carlo Tree Search and finite-state ma-

chine prompting paradigms, yet their overall per-
formance remains far below human level. This task
also exposes the issue of pretraining data leakage
in closed-book evaluation, as demonstrated by the
CofCA benchmark (Wu et al., 2024), which con-
structs counterfactual samples to more faithfully
reveal the knowledge gaps of models. These studies
collectively suggest that multi-hop QA is not only a
litmus test for reasoning capabilities but also high-
lights the limitations of LLMs in memory-based
knowledge reasoning, thereby sparking renewed in-
terest in integrating structured external knowledge
sources such as knowledge graphs.

6.6.2 Temporal Knowledge Graph

In recent years, knowledge graphs have demon-
strated powerful capabilities in representation and
reasoning across a wide range of natural language
processing tasks. To better capture the dynamic
evolution of real-world relations, temporal knowl-
edge graphs (TKGs) (Cai et al., 2022) have been
proposed. TKGs extend traditional fact triples by
incorporating temporal information, constructing
structured quadruples in the form of (subject, re-
lation, object, timestamp). Compared with static
knowledge graphs, TKGs are more suitable for rep-
resenting and reasoning over time-sensitive event
knowledge, and have been widely applied in tasks
such as event forecasting, knowledge completion,
and question answering. To address the growing
need for temporal modeling in information extrac-
tion from text, recent research has started to explore
directly constructing TKGs from natural language
text. On one hand, methods such as Temporal Dis-
crete Graph Updater (Yu, 2023) attempt to dynam-
ically update temporal graph structures from text-
based event logs. On the other hand, the Temporal
KG Generation Dataset provides the first bench-
mark dataset tailored to document-level extraction,
supporting the extraction of structured temporal
quadruples from event-centric text. Moreover, mul-
timodal modeling has also emerged as a promis-
ing direction, with approaches like TMMKGG (Li
et al., 2025) aiming to jointly encode images and
text into temporally-grounded multimodal knowl-
edge graphs. In this work, we leverage temporal
knowledge graphs to extract structured elements
from textual data, including entities, relations, and
timestamps, and further perturb these extracted el-
ements to construct fine-grained textual negative
samples.
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6.7 Comparison to Related Datasets

As summarized in Table 3, some concurrent works
have proposed multi-image MLLM benchmarks for
more general purposes, covering multiple fields and
disciplines, including RefCOCO (Yu et al., 2016),
RefCOCOg/+ (Mao et al., 2016), HC-RefLoCo
(Wei et al., 2024), FineCops-Ref (Liu et al., 2024c),
KB-Ref (Wang et al., 2020), ReSeDis (Huang
et al., 2025), MC-Bench (Xu et al., 2024), C-
RefCOCO/g/+ (Yu and Li, 2024), SK-VG (Pen-
chalaiah and Vg, 2018), REC-8K (Dai et al., 2024),
TextREC (Gao et al., 2023), RefEgo (Kurita et al.,
2023). In this section, we compare our benchmark
with these concurrent works, as shown in Table 3.

6.8 Experimental Details
6.8.1 Computing Infrastructure

All experiments were conducted on a server run-
ning Ubuntu 22.04, equipped with two NVIDIA
RTX 4090 GPUs. To ensure that dependencies do
not interfere with each other, we created an isolated
Conda environment for each model.

6.8.2 Inference Settings

All models were evaluated in a closed-book setting,
meaning they did not access any external knowl-
edge sources or the internet during inference. We
explicitly disabled all network connections to guar-
antee that the entire evaluation process was con-
ducted offline.

6.8.3 Conditioned Counterfactual Audit

Following the rebuttal discussion, we addition-
ally re-evaluated counterfactual negatives only on
instances whose corresponding positive samples
were correctly localized in the original setting. This
conditioned protocol removes the confound that a
model may have already failed before the semantic
perturbation is applied. The same failure pattern
remains: strong models often preserve highly over-
lapping predictions even after the factual constraint
is flipped, supporting our claim that shortcut bind-
ing reflects semantic insensitivity rather than mere
carryover from already-failed positives.

6.8.4 In-Context Learning Analysis

We further tested positive-only, negative-only, and
mixed one-shot demonstrations to examine whether
in-context learning can repair reasoning-grounding
decoupling. We find that few-shot prompting
mainly changes refusal behavior and output format

biases. For example, a preceding positive demon-
stration often encourages the model to always out-
put a box, while a negative demonstration increases
abstention. However, these prompt-level shifts do
not consistently fix the core mismatch between se-
mantic reasoning and localization, so the zero-shot
audit remains informative about the underlying fail-
ure mode.

6.8.5 Saliency Stratification

To analyze why shortcut binding can occasionally
yield an apparently correct prediction, we strati-
fied samples by two simple target-saliency factors:
bounding-box size and distance to the image center.
We observe that localization accuracy rises notice-
ably for larger and more central targets, even in
cases where textual reasoning is unreliable. This
pattern supports the interpretation that many suc-
cessful predictions are driven by a “most salient
person” heuristic rather than by faithful grounding
of the knowledge-conditioned expression.

6.8.6 Gemini Box-Formatting Diagnosis

To better understand the relatively low grounding
precision of Gemini models despite their strong tex-
tual reasoning scores, we manually inspected rep-
resentative outputs. A recurring issue is coordinate
formatting rather than entity resolution: Gemini
models frequently produce oversized boxes or out-
of-bound coordinates, which sharply lowers loU-
based grounding scores. This suggests that part of
the performance drop is attributable to output for-
matting and localization precision, not solely to
deficiencies in knowledge-conditioned reasoning.

6.8.7 Privacy and Policy Confounds

Because KnowDR-REC is person-centric, a natu-
ral concern is that some failures may arise from
privacy or safety policies rather than reasoning lim-
itations. Our manual inspection indicates that the
dominant error is not refusal, but overconfident
box generation on negative samples. Moreover, we
sourced images from Wikipedia/Wikimedia Com-
mons with preserved attribution and per-image li-
censes, and excluded API models with strong de-
fault identity refusals from the reported benchmark
in order to reduce policy-related confounds.

6.9 Licenses

The benchmark dataset introduced in this paper
consists of textual and visual data derived from
publicly available resources, as shown in Table
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Table 3: Comparative overview of 12 referring-expression comprehension datasets.

Datasets Neg. Inst. Know. Task Types

RefCOCO/g/+ X v X Classic single-image REC
HC-RefLoCo X v X Long-form person REC
FineCops-Ref v v X Fine-grained composite
KB-Ref X 4 v Knowledge-based object REC
ReSeDis v v X Retrieval + Localization
MC-Bench X v/ X Multi-view localization
C-RefCOCO/g/+ v v X Counterfactual REC

SK-VG X v v Story-knowledge grounding
REC-8K X v X Expression counting
TextREC X v v Text-aware REC with OCR
RefEgo v 4 X Egocentric video REC
KnowDR-REC(Ours) v v v Knowledge-driven person REC

Model PosCorrect Error Rate  Orig. Error Rate PosCorrect Neg-Pos@0.5  Orig. Neg-Pos@0.5
Gemini-2.5-Pro 84.3 97.1 25.4 11.5
Grok-2-Vision 88.5 83.5 325 6.5
Qwen-VL-Plus 97.3 72.5 72.4 63.8
Qwen2.5-VL-72B 92.5 81.2 71.7 67.2
Qwen2.5-VL-7B 98.7 98.7 25.0 29.5

Table 4: PosCorrect-conditioned counterfactual audit reproduced from the rebuttal. “PosCorrect” restricts the
evaluation to cases where the paired positive sample was correctly localized.

14 Each resource retains its original license, and
specific usage details are summarized below.

6.9.1 Licensing Strategy

All included records preserve the original licens-
ing information specified in their respective meta-
data. The JSON structure of the benchmark, ex-
cluding original content from the source datasets,
is released under the CCO 1.0 Universal license.

6.9.2 Special Note on MetaQA

Due to potential NoDerivs (ND) restrictions associ-
ated with the MetaQA dataset, this benchmark only
includes the original, unmodified MetaQA textual
content. Modifications are provided solely in the
form of scripts and transformation prompts, which
are separately licensed under the MIT License.

6.9.3 Image Attribution

Images from Wikimedia Commons include com-
prehensive attribution in an accompanying meta-
data file (attribution. tsv), specifying title, au-
thor, source URL, and per-image licenses. Users
must follow these licenses when reusing images.

6.9.4 Usage Recommendations

When redistributing or adapting data from this
benchmark:

* Clearly attribute original sources and adhere
to specified licenses.

* Preserve Apache-2.0 NOTICE when applica-
ble (ComplexWebQuestions subset).

* Redistribute adaptations of CC BY-SA 4.0
content (HotpotQA, KQA Pro) under the same
license.

6.10 Prompt
6.10.1 Prompt for Rewriting

To enhance the naturalness and linguistic diver-
sity of referring expressions, we use GPT-4o to
rewrite questions from four QA datasets (Hot-
potQA, MetaQA, ComplexWebQuestions, and
KQA Pro) into declarative forms suitable for refer-
ring expression comprehension (REC). The prompt
instructs the model to preserve factual content and
produce unambiguous, grounding-oriented expres-
sions.
Prompt Template:

Please rewrite the following question as
a declarative sentence. The rewriting re-
quirements are:

1. Convert the interrogative sentence
into a declarative sentence begin-
ning with ""The person..."

2. Retain the complete meaning and
all information from the original
sentence
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Model Zero-shot  Positive-ICL.  Mixed-ICL.  Negative-ICL

gemini-2.5-pro 97.1 99.3 22.3 2.8
grok-2-vision-latest 83.5 98.1 55.7 5.1
qwen-vl-plus 72.5 97.4 61.2 8.6
qwen?2.5-v1-72b-instruct 81.2 99.0 58.4 10.3
VLM-RI-instruct 100.0 100.0 72.1 22.4

Table 5: Basic-setting adversarial negatives under different one-shot ICL strategies, reproduced from the rebuttal.
The metric is error rate (%), where lower is better.

Model Size bin Acc@0.5 Acc@0.75 Acc@0.9 meanIoU median IoU
gemini-2.5-pro Ql 33 0.4 0.0 0.108 0.009
gemini-2.5-pro Q2 8.4 0.4 0.0 0.179 0.099
gemini-2.5-pro Q3 19.8 29 0.0 0.319 0.328
gemini-2.5-pro Q4 57.0 15.6 33 0.510 0.549
grok-2-vision-latest Q1 21.3 2.5 1.5 0.266 0.270
grok-2-vision-latest Q2 58.4 12.4 5.0 0.480 0.570
grok-2-vision-latest Q3 70.0 20.7 10.5 0.555 0.651
grok-2-vision-latest Q4 71.5 31.1 16.6 0.614 0.674
qwen-vl-plus Q1 40.1 24.1 5.9 0.343 0.110
qwen-vl-plus Q2 63.9 54.1 19.3 0.567 0.770
qwen-vl-plus Q3 74.7 69.1 34.8 0.670 0.844
qwen-vl-plus Q4 79.5 72.1 38.5 0.722 0.876
qwen2.5-vl-72b-instruct QI 50.6 414 16.9 0.455 0.580
qwen2.5-vl-72b-instruct Q2 68.9 59.8 43.9 0.628 0.876
qwen2.5-vl-72b-instruct Q3 77.2 71.2 55.4 0.715 0918
qwen2.5-vl-72b-instruct Q4 87.2 82.7 67.5 0.817 0.940
VLM-R1-instruct Q1 35.0 32.0 12.0 0.320 0.180
VLM-RI-instruct Q2 60.0 58.0 36.0 0.560 0.720
VLM-R1-instruct Q3 75.0 72.0 50.0 0.680 0.860
VLM-RI-instruct Q4 84.8 84.0 64.0 0.780 0.910

Table 6: Positive samples stratified by ground-truth target size, reproduced from the rebuttal. Q1-Q4 denote quartiles
from the smallest to the largest targets.

3. Ensure the declarative sentence the model generates detailed appearance descrip-
clearly refers to the person: tions to help locate the target individual.
{person_name} Prompt Template:

4. Use correct grammar, clear seman- You are tasked with describing a person
tics, fluent sentence structure, and in a cropped image. Please follow the
rich vocabulary guidelines below:

5. Return only th,e rewritten d(f,c'lara- 1. Describe unique characteristics that
tive sentc?nce without any additional distinguish the person.
explanation 2. Provide details on overall appear-

ance, including clothing, hairstyle,
Original question: {question_text} etc.
Target person: {person_name} 3. Mention any visible interaction
with other people or objects.
4. Note any visible text on the person
6.10.2 Prompt for Annotation Assistance (e.g., logos or labels).
To support the manual annotation process, we de- 5. Identify actions the person is per-
sign prompts that guide a language model (e.g., forming.
GPT-40) to generate visual descriptions of a spe- 6. Specify the person’s relative posi-
cific person in a given image. These prompts are tion in the scene (e.g., “second from
used in one of two parallel annotation paths, where the left”).
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Model Position bin Acc@0.5 Acc@0.75 Acc@0.9 meanIoU median IoU

gemini-2.5-pro center 29.8 9.5 2.5 0.340 0.327
gemini-2.5-pro mid 15.0 3.1 0.0 0.246 0.203
gemini-2.5-pro edge 21.4 1.9 0.0 0.248 0.198
grok-2-vision-latest center 69.0 17.5 12.0 0.562 0.632
grok-2-vision-latest mid 54.6 15.6 8.0 0.481 0.520
grok-2-vision-latest edge 46.4 16.7 52 0.392 0.467
qwen-vl-plus center 81.6 68.7 31.0 0.717 0.833
gwen-vl-plus mid 64.7 54.8 22.1 0.579 0.780
qwen-vl-plus edge 472 40.9 20.6 0.429 0.353
qwen2.5-vl-72b-instruct  center 82.8 78.2 63.1 0.778 0.934
qwen2.5-vl-72b-instruct  mid 74.7 62.2 40.7 0.668 0.873
qwen2.5-vl-72b-instruct  edge 55.6 50.9 33.8 0.515 0.771
VLM-R1-instruct center 78.0 76.0 52.0 0.720 0.880
VLM-R1-instruct mid 64.0 62.0 40.0 0.600 0.780
VLM-R1-instruct edge 49.1 46.5 29.5 0.500 0.640

Table 7: Positive samples stratified by ground-truth target position, reproduced from the rebuttal.

Model Size bin BBox output % mean IoU(pred, pos_GT)
gemini-2.5-pro Q1 93.8 0.050
gemini-2.5-pro Q2 96.8 0.085
gemini-2.5-pro Q3 99.2 0.145
gemini-2.5-pro Q4 99.2 0.303
grok-2-vision-latest Ql 78.0 0.055
grok-2-vision-latest Q2 84.0 0.095
grok-2-vision-latest Q3 86.4 0.145
grok-2-vision-latest Q4 87.5 0.215
qwen-vl-plus Q1 47.7 0.322
qwen-vl-plus Q2 55.2 0.577
qwen-vl-plus Q3 60.8 0.606
qwen-vl-plus Q4 433 0.663
qwen2.5-vl-72b-instruct Q1 68.0 0.373
qwen2.5-vl-72b-instruct Q2 65.6 0.568
qwen2.5-vl-72b-instruct Q3 68.8 0.627
qwen2.5-vl-72b-instruct Q4 65.8 0.778
VLM-R1-instruct Q1 100.0 0.285
VLM-R1-instruct Q2 100.0 0.408
VLM-R1-instruct Q3 100.0 0.493
VLM-R 1-instruct Q4 100.0 0.621

Table 8: Counterfactual negatives stratified by ground-truth target size, reproduced from the rebuttal.

7. Include any relevant context that Prompt Template:

may aid identification.
You are tasked with extracting a tempo-

ral knowledge graph from a given re-

ferring expression in order to support

fine-grained negative sample generation.

The output should be a quadruple in the

6.10.3 Prompt for Knowledge Graph form (subject, relation, object,
Extraction time).

Input:
{Image}
{person_name}

To enable fine-grained negative sample generation,

Please follow the guidelines below:
we guide the model to extract a temporal knowl-

edge graph from each referring expression. The 1. Interpret the input as a declarative
output is a tuple (subject, relation, object, sentence containing one or more
time). factual statements.
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Model Position bin BBox output % mean IoU(pred, pos_GT)
gemini-2.5-pro center 99.4 0.209
gemini-2.5-pro mid 95.8 0.108
gemini-2.5-pro edge 96.2 0.115
grok-2-vision-latest center 89.4 0.195
grok-2-vision-latest mid 82.7 0.135
grok-2-vision-latest edge 78.1 0.085
qwen-vl-plus center 51.2 0.663
qwen-vl-plus mid 53.0 0.568
gwen-vl-plus edge 51.2 0.388
qwen2.5-vl-72b-instruct  center 71.8 0.741
qwen2.5-vl-72b-instruct  mid 64.3 0.593
qwen2.5-vl-72b-instruct  edge 65.0 0.384
VLM-R1-instruct center 100.0 0.533
VLM-R1-instruct mid 100.0 0.429
VLM-R1-instruct edge 100.0 0.318

Table 9: Counterfactual negatives stratified by ground-truth target position, reproduced from the rebuttal.

mean IoU median IoU Acc@0.5 Acc@0.75 Acc@0.9 missing % invalid % OOB %

full-image-like %

Model

gemini-2.5-pro 0.278 0.245 22.1
gemini-2.5-flash 0.420 0.451 441
gemini-3-pro-preview 0.445 0.490 43.8
gemini-3-flash-preview 0.465 0.535 53.5

4.8 0.8 0.0 0.0 14.0 0.0
16.3 2.8 0.0 1.7 0.6 2.9
27.5 11.8 0.0 0.0 0.0 0.0
32.4 11.2 0.0 0.0 26.3 0.0

Table 10: Gemini-family grounding quality and box legality, reproduced from the rebuttal. Lower missing/invalid/out-

of-bound (OOB) rates are better.

2. For each statement, identify the sub-
ject, relation, object, and time ex-
pression.

3. Return the extracted information
as one or more structured quadru-
ples in the format: (subject,
relation, object, time).

4. Ensure that the extracted entities
are specific and semantically cor-
rect. Avoid abstract or overly gen-
eral concepts.

5. Return only the list of quadruples,
one per line, without any additional
explanation.

Input:
{Refering_Expression?}

6.10.4 Prompt for Negative Text Generation

We construct adversarial expressions by perturbing
a single element in the extracted tuple (e.g., chang-
ing the object or time). The model is prompted to
generate a fluent but factually incorrect version of
the original sentence based on the corrupted tuple.

Each input may contain multiple factual tuples.
Only one tuple should be selected and only one

component (entity, relation, or time) should be per-
turbed. The resulting sentence must remain gram-
matically fluent but contain a factual error due to
the corruption.

Entity Corruption

Prompt Template: Given a natural language
sentence and a set of factual tuples it expresses,
the task is to generate a grammatically fluent but
factually incorrect version of the sentence by cor-
rupting the subject or object entity in exactly one
of the tuples. Each tuple is in the format (subject,
relation, object, time).

Only one tuple should be selected for corrup-
tion, and only the entity (either subject or object)
should be modified. The remaining parts of all tu-
ples should stay unchanged. Ensure the corrupted
sentence remains fluent and natural, but contains a
factual error caused by the entity change.

Ensure the response includes only the corrupted
sentence, without any additional text, characters, or
explanations.

Input sentence: [Original Natural Language
Sentence]
Tuples:

[(subject_1, relation_1,
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Model pred area (median) pred area (p90) oversized % tiny % median log-area gap median log-aspect gap
gemini-2.5-pro 0.245 0.620 15.6 1.8 -0.025 0.242
gemini-2.5-flash 0.330 0.676 20.8 1.5 0.234 0.059
gemini-3-pro-preview 0.243 0.790 21.1 0.0 -0.069 0.215
gemini-3-flash-preview 0.377 1.165 42.1 53 -0.088 0.001

Table 11: Gemini-family box tightness and style mismatch, reproduced from the rebuttal.

Model mean ‘“**” tokens  max ‘“**” tokens
gemini-2.5-pro 0.01 8
gemini-2.5-flash 0.10 24
gemini-3-pro-preview 0.00 0
gemini-3-flash-preview 0.00 0

Table 12: Gemini-family output-format noise indicators,
reproduced from the rebuttal.

Model <0.1 0.1-03 03-05 >0.5
gemini-2.5-pro 36.3 19.6 22.1 22.1
gemini-2.5-flash 23.3 13.1 19.5 44.1
gemini-3-pro-preview 25.0 15.4 15.8 43.8
gemini-3-flash-preview 30.7 10.5 53 53.5

Table 13: Gemini-family IoU distribution, reproduced
from the rebuttal.

object_1, time_1), (subject_2,
relation_2, object_2, time_2), ...]

Relation Corruption

Prompt Template: Given a natural language
sentence and a set of factual tuples it expresses, the
task is to generate a grammatically fluent but factu-
ally incorrect version of the sentence by corrupting
the relation in exactly one of the tuples. Each tuple
is in the format (subject, relation, object,
time).

Only one tuple should be selected for corrup-
tion, and only the relation should be changed to
a plausible but incorrect alternative. The rest of
the sentence and tuples should remain unmodified.
The resulting sentence must be grammatically cor-
rect but contain a factual error due to the relation
change.

Ensure the response includes only the corrupted
sentence, without any additional text, characters, or
explanations.

Input sentence: [Original Natural Language
Sentence]

Tuples: [(subject_1, relation_1,
object_1, time_1), (subject_2,
relation_2, object_2, time_2), ...]

Time Corruption

Prompt Template: Given a natural language
sentence and a set of factual tuples it expresses, the
task is to generate a grammatically fluent but factu-
ally incorrect version of the sentence by corrupting
the time expression in exactly one of the tuples.
Each tuple is in the format (subject, relation,
object, time).

Select only one tuple to modify, and change only
the time component to a different but plausible
value. All other components and tuples should re-
main unchanged. The corrupted sentence should
sound natural but contain a factual error due to the
incorrect time.

Ensure the response includes only the corrupted
sentence, without any additional text, characters, or
explanations.

Input sentence: [Original Natural Language
Sentence]

Tuples: [(subject_1, relation_1,
object_1, time_1), (subject_2,
relation_2, object_2, time_2), ...]

6.10.5 Prompt for Positive and Negative
Sample Evaluation

Positive Samples For positive samples, we make
minimal modifications to the default prompts
of all Specialist MLLMs and certain Generalist
MLLMs(Lin et al., 2023; Liu et al., 2024a) to en-
sure that predictions of the target objects are ex-
plicitly included in the output. For other Generalist
MLLMs without predefined prompts, we adopt a
unified prompt that yields consistently strong per-
formance across models, as illustrated in Figure 8.

Negative Samples under the Basic Setting For
negative samples under the basic setting, our goal
is to evaluate whether the models are capable of
appropriately refusing to answer in typical usage
scenarios. For all Specialist MLLMs and certain
Generalist MLLMs (Lin et al., 2023; Liu et al.,
2024a) with predefined visual prompts, we directly
reuse their default prompts. For Generalist MLLMs
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Dataset Original License =~ Modification Status

HotpotQA (Yang et al., 2018) CCBY-SA 4.0 Modified, distributed under CC BY-SA 4.0
ComplexWebQuestions (Talmor and Berant, 2018)  Apache-2.0 Modified, Apache-2.0 (NOTICE preserved)
KQA Pro (Cao et al., 2020) CCBY-SA 4.0 Modified, distributed under CC BY-SA 4.0
MetaQA (Puerto et al., 2021) CCBY-ND 3.0 Original text only; modifications via scripts
Wikimedia Commons Per-image licenses  Individual image attribution provided

Table 14: Licenses of the datasets used in the benchmark.

Given an image and a question, follow these reasoning steps to identify and localize the main person referenced in the question:
Step 1: Understand the question and extract key clues or facts about the person mentioned.

Step 2: Based on the extracted information, infer the identity of the person.
- Use commonsense and factual knowledge to identify who matches all the given attributes.
- IMPORTANT: Once identified, explicitly state the target person in the format:

Target: [person's full name - NOT a description]

— For example: Target: Emma Watson

Step 3: Locate the identified person in the image using facial recognition, context, or other visual cues.

Step 4: Determine the bounding box of the person in the image.
- Provide coordinates in the format [x1, y1, X2, y2], where (x1, y1) is the top-left and (x2, y2) is the bottom-right corner.
- Use only integers for the coordinates.

Now analyze the image:
Question: {insert question here}

Please follow the reasoning steps above and output your result at the end in this format:
Bounding Box: [x1, y1, x2, y2]

Figure 8: Prompt template for positive samples

without predefined prompts, we employ the prompt
shown in Figure 9.

Negative Samples under the Instruction-guided
Setting For the evaluation of negative samples
under the instruction-guided setting, we adopt a
unified prompt across all models, as shown in Fig-
ure 10.

6.11 Illustrative CoT-Based Evaluation
Example

Our reasoning-stage evaluation requires the model
to explicitly state the resolved target entity before
outputting a box. Figure 8 shows the prompt tem-
plate used for this stage, and Figure 11 provides
a representative successful example in which the
model identifies the target person and outputs a
matching box. Together, these examples clarify
how the reasoning output is exposed for alias-based
matching in Accrext.

6.12 More Samples

In this section, we present additional examples as
shown in Figures 11, 12, and 13.
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""Given an image and a referring description, locate the target and provide its bounding box coordinates.
Question: {question}

Please provide the bounding box coordinates in the following format:
Bounding Box: [x1, y1, x2, y2]

Where (x1,y1) is the top-left corner and (x2,y2) is the bottom-right corner.

i

Figure 9: Prompt template for negative samples under the basic setting

"""Given an image and a description, please determine if the described content is present in the image.
Question: {question}

Please respond with only one word: "Yes" or "No"

If the described person, object, or content is present in the image, answer "Yes".
If the described person, object, or content is not present in the image, answer "No".

Figure 10: Prompt template for negative samples under the instruction-guided setting

The person was governor of Minnesota when
Republican David Brown unseated Democrat
Lisa Fobbe.

Tim Pawlenty

Bounding Box: [4, 2, 190, 330]
Gemni-2.5-Flash

Figure 11: Successful cases under the positive sample

68th Golden Globe Awards and also played Joey

The person was a nomination announcer at the
8 Potter on Dawson's Creek.

USER

x Bounding Box: [0, 0, 612, 612]

Gemni-2.5-Flash

Figure 12: Failure cases under the negative sample setting (basic setting)
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USER

The person ran against George W. Bush in
his second term and held position in the
108th United States Congress.

Yes, he is in this image.

Gemni-2.5-Flash

Figure 13: Failure cases under the negative sample setting (instruction-guided setting)
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