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Abstract

Recent visual search methods improve perception in high-resolution images, but
these gains can come at a cost: reduced ability to recognize when no target satis-
fies the query (hallucination). We introduce Verified Visual Search (VERVE), a
framework for measuring and mitigating this perception-hallucination trade-off.
Our VERVE-MCQ benchmark pairs positive visual search queries with minimally
edited negative counterparts for which no matching target exists, testing both target
identification and query verification. We find that state-of-the-art visual search
methods surprisingly underperform their own base models on VERVE-MCQ. To
diagnose the root cause, VERVE-BINARY simplifies the queries into a yes/no task.
Yet the failure persists for open methods, indicating a broader loss of discriminative-
ness. To tackle this, we propose VERVE-TRAIN, a GRPO-based method that trains
models to verify rather than assume target existence, adding negative queries (plain
mode) and further on-policy self-verification rewards (OPSV mode). Notably, our
trained Qwen3.5-9B surpasses Gemini-3.7-Flash by 13.8% on VERVE-MCQ. Cru-
cially, VERVE-TRAIN effectively reduces hallucinations across six benchmarks and
remain competitive on eight perception benchmarks. Furthermore, these improve-
ments transfer across tasks, domains, and modalities on seven external benchmarks,
demonstrating benefits beyond high-resolution visual search.
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Example Thinking trace of VERVE-9B Performance on perception benchmarks
Figure 1: Left: Example shows how models succeed on perception questions yet struggle with simple
hallucination questions. Middle: Thinking trace of Verve-9B shows it successfully identifies the
false premise. Right: Average model performance across seven perception and six hallucination

benchmarks (Sec. PE[) VERVE-TRAIN significantly mitigates the perception-hallucination trade-off.

1 INTRODUCTION

High-resolution visual search (Wu & Xiel 2024)) requires MLLMs to follow instructions, locate
small objects, and answer related questions. Consider how a human approaches visual search in
a complex scene (Fig. [T} left). If asked to find “the number on the player’s black shorts” in the
image, a human can locate the small target and identify the correct number. If the query is slightly
altered to “the number on the player’s white shorts,” that same human will reliably recognize that the
shorts are not white. Frontier MLLMs such as Gemini (Google DeepMind), 2026b) and specialized
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approaches such as Vision-OPD (Yuan et al.,|2026) fail this robustness test. Given the altered query,
both models accept the false premise and report a number; even when the query is simplified to the
binary question “Can you see white shorts?”, Vision-OPD still fails. Reliable visual search thus
demands a dual competency: precise target recognition (perception) and robust query verification
(avoiding hallucination).

Recent visual search methods have made massive strides in localizing small targets, using multi-turn
agentic approaches (DeepEyes (Zheng et al.,|2026)), Thyme (Zhang et al.,2026b))) and internalized
single-pass methods (TreeVGR (Wang et al.| [2026a), ZwZ (Wei et al., 2026a)), Vision-OPD (Yuan
et al., |2026)). Yet the benchmarks that drive this progress universally assume a valid target is
present (Wang et al., 2025; Wu & Xie} 2024)), and existing hallucination probes (Li et al., [2023; |Miyai
et al.;, 2025} [Xiao et al.,2026) only require coarse perception on standard-resolution images. Together,
they fail to capture the dual challenge of perceiving fine details while rejecting false premises in
visually intensive scenes. Consequently, this leaves a key gap in model training, as no existing
paradigms address both aspects simultaneously.

To expose and mitigate this perception-hallucination trade-off, we introduce Verified Visual Search
(VERVE). We first propose VERVE-MCQ (Sec. [2), a human-in-the-loop curated benchmark pairing
high-res (positive) search queries with minimally edited counterfactual queries (altering an object,
attribute, or relation). We evaluate models using paired accuracy, awarding credit only when a model
correctly answers a positive query and rejects its counterfactual twin. Our evaluation reveals a striking
finding: state-of-the-art (SOTA) visual search methods universally underperform their base models
(models that they are fine-tuned from) in absent-target rejection (Fig.[I] right). A complementary
VERVE-BINARY split strips queries down to pure presence/absence judgments toward the edited part,
confirming that the discriminative capacity of open-source methods degrades fundamentally.

To mitigate this trade-off, we propose VERVE-TRAIN (Sec.[3)), a post-training framework built on
GRPO (Shao et al.,2024). We first introduce a data-driven approach (Plain mode), which trains the
model on a balanced mix of positive and negative queries using a final-answer correctness reward. To
further enhance discriminativeness and foster verification behavior, we additionally propose an On-
Policy Self-Verification (OPSV) mode. OPSV encourages the model to first self-propose and answer
verification questions purely in an on-policy manner, then commit to a final answer (Fig. [T} middle).
Applied to three backbones (7B-9B) (Bai et al., 2025bja;; [Team), 2026), VERVE-TRAIN improves
VERVE-MCQ paired accuracy by up to 35.2%, allowing our 9B model to outperform Gemini-
3.7-Flash by 13.8%. These gains generalize: across 14 perception and hallucination benchmarks,
VERVE-TRAIN reduces hallucinations while maintaining robust perception (Fig. (1} right), achieving
a Pareto improvement over its backbone, where prior methods sacrifice hallucination performance.
Furthermore, VERVE-TRAIN shows strong transfer performance across seven external tasks (Sec. E]),
confirming that verified search instills a general discriminative capability.

In summary, our contributions are: (1) VERVE Benchmarks. VERVE-MCQ and VERVE-BINARY,
strictly human-verified diagnostic benchmarks that pair high-resolution search tasks with minimally
edited counterfactual queries. (2) Revealing the perception-hallucination trade-off. A systematic
evaluation revealing that search specialization universally degrades hallucination resistance across
current SOTA agentic and internalized methods. (3) VERVE-TRAIN. A GRPO-based post-training
framework and a scalable pipeline for synthesizing high-quality negative training queries, that resolves
this trade-off through balanced data and on-policy self-verification (Plain and OPSV modes).

2 THE VERVE BENCHMARK

To evaluate verified visual search (VERVE), we construct VERVE-MCQ (Sec. @) a high-res visual
search benchmark that pairs each positive MCQ query with a negative twin edited by a single
unsupported object, attribute, or relation. We further propose VERVE-BINARY (Sec. [2.2)), which
dissects the edited components from the MCQ queries into simple yes/no questions to test if the
model still hallucinates under standalone edits.

2.1 VERVE-MCQ

Task and Data We motivate the design of VERVE-MCQ by framing it as visual search for a target
object in a high-resolution image, where the model must both locate the target when it is present and
recognize when it is absent. Each instance is a pair (pos, @neg) that shares one image and one set of
five options (Fig. . In @Qpos, the referring expression is supported by the image, and exactly one
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Pos: What’s the color of the
scooter?

Neg: What’s the color of the
bike?

A. black with gray highlights
B. Light gray with black accents
C. Deep blue with chrome details
D. Bright red with white trim
E. There is no such scooter/bike

pos: 4 Bv [}Bv V Bv
Neg: 4 :Bx [():Bx V Ev

Pos: What text is written on the
man'’s blue cap?

Neg: What text is written on the
man's blue helmet?

A. ROAD RACE TRIAL

B. Such a text is not found
C. RACE TEAM JAPAN

D. OFF ROAD RALLY

E. MOTOR SPORTS

pos: gpAv [Jav VAv
Neg: g:ax [FJax VBv

Pos: What symbol is inside the
yellow square on the sign?

Neg: What symbol is inside the
yellow square on the bench?

A. a checkmark

B. a person walking

C. an airplane landing

D. a suitcase

E. there is no such symbol

pos: gpAv [Jav VAv
Neg: A x [(ax VBv

Pos: What type of plant is in the
hanging pot to the right of the
statue?

Neg: What type of plant is in the
hanging pot above the statue?

A. fuchsia

B. there is no such plant
C. geranium

D. begonia

E. petunia

pos: pav [Jav VAv

Neg: gpax [Jax Vv

’: Gemini-3.7-Flash m: Vision-OPD-9B v : VERVE-9B (Ours)

Figure 2: VERVE-MCQ EXAMPLES sorted by negative edited slots (TARGET, 1-HOP, 2-HOP)
Both Qpos (green) and Qpee (red) with their ground-truth choice (same color) are shown, together
with model predictions from Gemini-3.7-Flash, Vision-OPD, and our VERVE-9B model.

option is the correct, image-supported answer. In @y, a single object, attribute, or relation in the
expression is edited so that it no longer matches anything in the image. One of the shared options is a
target denial option (e.g., “There is no such {target object}” or “{target object} is not found”). This
option is wrong for (s but is the only correct answer for Qeg.

We build on high-resolution scenes and positive queries from ZOOMBENCH (Wei et al.,[2026a)) and

TREEBENCH (Wang et al.,20264). Candidate negative edits are proposed by Gemini-3-Flash
DeepMind, [2025) and GPT-5 (OpenAl [2025)), then verified by humans (details in App.[A). Two

annotators inspected all 2,736 candidate edits, discarding 977 and retaining 1,759 verified pairs, of
which 617 were manually rewritten.

Construction and Validation We parse each positive query into an object-anchored referring chain
that targets a specific object; we denote the target object and its optional attributes as TARGET.

rel rel

(obj, attr) <+— (obj, attr) «+— (obj, attr), (N
———
TARGET 1-Hopr 2-Hop

The referring chain consists of distinct HOPs, where each hop centers on an object anchor (optionally
with attributes) linked to the preceding hop via a relation. We refer to these editable fields as slots
(“obj”, “attr”, or “rel” within each hop). For example, in the 2-hop query from Fig. 2| (“What type of
plant is in the hanging pot to the right of the statue?”), the referring chain is: statue — hanging pot
— plant. We use these chains to construct controlled edits and categorize them by slot and hop.

Given the image and chain, Gemini-3-Flash (Google DeepMind, [2025)) alters exactly one slot. A
valid edit ensures the modified expression is unsatisfied in the image (e.g., changing “to the right of
the statue” to “above the statue” when no hanging pot exists above). Human annotators then review
all proposed edits to confirm that every positive query has a unique correct answer and that the edited
expression in each negative twin is neither satisfied elsewhere in the scene nor ambiguous. Additional
details regarding benchmark settings, statistics, and construction are provided in App. [A]]

Evaluation As our primary metric, we report paired accuracy over the set of test pairs P:

1
Acpisa = 7 DI = v 1@, =v, ), )
peP

where y,‘f and y,,” are the ground-truth options for Qpos and (neg in pair p, and Q; and g, are the
model’s corresponding predictions. We choose AcCpaired to prevent models from exploiting label
biases: a model receives credit only when it correctly answers both (s (fine-grained perception) and
Qneg (reliable verification), ensuring true verified visual search. Failures on Paired Visual Search
As qualitatively illustrated in Fig.[2] models such as Gemini-3.7-Flash and the open-source SOTA
Vision-OPD answer positive queries well but do not reliably reject their negative twins. Consequently,
both models exhibit low paired accuracy; as reported in Tab. [T, Gemini-3.7-Flash achieves only
AcCpaired = 41.5% and VISION-OPD achieves just AcCpaired = 15.6%, underscoring the benchmark’s
difficulty. For example, in Fig.[2] models correctly handle the positive case but fail on the negative
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Can you see a ‘Pirata’?
Base: Yes ™
Vision-OPD: Yes [
“| VERVE: Yes V]

Can you see a ‘Pilata’?
Base: No V]
Vision-OPD: Yes X
VERVE: No V]

Paired accuracy (%) T

Figure 3: Left: One qualitative example on VERVE-Binary; Right: Avg. Accpaireq 0n VERVE-Binary.

query, answering “What text is written on the man’s blue helmet?” with a plausible string even though
the man clearly is not wearing a helmet.

2.2  VERVE-BINARY

Because each negative query in VERVE-MCAQ is built by making a single localized edit to a complex
question, a failure could mean either (1) the model can detect the edit in isolation but overlooks
it when embedded in the complex query, or (2) the model cannot recognize the altered element at
all. To distinguish these, we introduce VERVE-BINARY to test whether these failures persist when
models are asked directly to verify the premise. We construct VERVE-BINARY from the edit history
of VERVE-MCQ: For each VERVE-MCQ pair (Qpos, @neg ), We extract the applied negative edit, an
object, attribute, or relation modification, and prompt GPT-5 (OpenAl, 2025) to formulate a direct
yes/no question about the edited content, such as “Can you see [edit] in this image?” Retaining the
corresponding positive counterpart yields a balanced binary query pair (Bpos, Bueg), With reference
answers yes and no, respectively (Fig. 3] left). Both questions are evaluated in separate contexts and
scored with Eq.[2] Detailed construction process is in App.[A.2]

Loss of Discriminativeness Fig. |§|(right) reports averaged AcCpyireg O VERVE-BINARY. Despite
their reported gains on visual search and fine-grained perception benchmarks, TREEVGR(Wang
et al.l [2026a), ZwZ(Wei et al., 2026a), and VISION-OPD(Yuan et al., 2026) all score below their
respective base models on this diagnostic, achieving only 57.08%, 55.48%, and 59.46% paired
accuracy, respectively. We term this base-relative decrease a loss of discriminativeness: reduced
success at jointly accepting supported content and rejecting unsupported content (negative edits).
Fig. (] illustrates this pattern: VISION-OPD accepts “Pilata” as the visible text, whereas its base
model correctly rejects that claim. In contrast, Gemini-3.7-flash achieves 85.65% Accpired. This
suggests its failures on VERVE-MCQ likely stem from ignoring the negative edits, rather than loss of
discriminativeness. Per-model results, base-model comparisons, and further examples are provided
in App.[D.I] Together, these results show that gains on conventional visual benchmarks do not
necessarily translate into reliable discrimination between supported and unsupported visual claims.

3 VERVE-TRAIN

To mitigate the “loss of discriminativeness” observed in current open-source methods, we propose
VERVE-TRAIN, which optimizes the model using both positive queries (to enhance perception) and
negative queries (to mitigate hallucinations). We first construct a balanced training dataset (Sec. [3.1))
and find that fine-tuning on this dataset with a standard correctness reward already yields notable
gains on VERVE-MCQ. Building on prompt engineering insights documented in App.[D.9.1] we
further elicit the model’s explicit verification behavior via an on-policy self-verification (OPSV)
training strategy (Sec.[3.2). Fig. ]overviews the data construction pipeline and the reward design.

3.1 TRAINING DATA CONSTRUCTION

Overview We build our training set upon ZwZ-RL training set (Wei et al., [2026a)), which contains
74K high-resolution images paired with (positive) questions and answers. For each positive question,
we synthesize a negative counterpart whose premise is false with respect to the image, together with
ground-truth answers and a set of atomic golden verification Q&As for OPSV mode. To ensure
the negatives are genuinely false, we decouple perception from reasoning: Qwen3.5-27B performs
all visual perception (as the captioner and verifier), while GPT-OSS-120B performs all language
reasoning (as the proposer and annotator). The pipeline consists of three steps (Fig.[d] top) with the
running example “What is the material of the container holding the nuts?” (answer: “plastic”).
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Trc'ining data construction Proposal i Is there any basket
) Propose . — ¥ holding nuts?
Captioner ’—* Change ‘container’ fo ‘basket’
This image .
SH features a Proposer Feedback i Verifier

; B — 32— vibrant Yes /
E % market stall... }@ «~——— Yes, the container holding the nuts - Sa

might be a basket, because...

Positive Questions Re-propose b licet Is;here any
. . . - =+
What is the material of the container roposalll szainer?

holding the nuts? Add red to the container

Golden Q&As (Pos / Neg) Annotator Negative Questions

Q1: Is there a container? Al: yes No or i>3

Q2: Is any container red? A2: no —neg specific What "S the m‘?*e”“' of 'rhe?red
Q3: Is any container holding the nuts? A3: yes container holding the nuts?
Training and Reward Design
Golden Q&As
QL: Is there a container? Al: yes L _.
Q2:.. A2: .. Q3: .. A3: ... Coverage
Policy Reward 1=>""peward By

Model Verified Q&As

Let’s reason step by step... / : CoTTeaies Final
QL:.Can I see a container? Al:yes. =—=- —-)Sv > peward e Re:ﬂqrd R
Q2: Is it red A2: no —neg specific

A

Model |

Self-verify Prompt

First verify every claim
the question body relies

on against the image.... Final answer a

Format
The container is plastic or : Reward £,
The container is not red .

Ground truth a*  ---o-ooees :

Questions
R=(1-wy) R, (a+ (1—a)Ry) +wsRy

GRPO

Positive or negative

Figure 4: Top: Our training data construction pipeline. Bottom: Demonstration of VERVE-TRAIN in
on-policy self-verification (OPSV) mode. The plain mode uses default prompt with R = R..

Step 1: Dense Captioning The captioner first produces a detailed description of each image. Since
the proposer has no direct access to the image, this caption serves as its visual context, grounding the
proposed edits in actual scene content.

Step 2: Propose-verify Loop Given the caption, the positive question, and its answer, the proposer
creates a negative question by editing one entity in the question’s premise, e.g., replacing “container”
with “basket”. A negative is valid only if the edited premise does not hold in the image. To test this,
the proposer also emits a minimal binary question targeting the edit (“Is there a basket holding the
nuts in the image?”), which the verifier answers by inspecting the image. If the verifier answers
“Yes”, the edit is rejected and we append the verifier’s feedback to the proposer’s context as new
visual evidence, and the proposer proposes an alternative edit (e.g., “red container’”). The proposal
will be accepted (loop terminated) when the verifier answers “No”, or after three iterations.

Step 3: Ground-truth Annotation We annotate two types of supervision. (a) Answers. Positive
questions retain their original ground truth from ZwZ-RL (“plastic”). For negative questions, GPT-
OSS-120B writes an answer that identifies the false premise (“The container is not red.”). (b) Golden
verification Q&As. As additional supervision for the OPSV mode, GPT-OSS-120B decomposes each
question into atomic binary checks. Checks on unedited premises are labeled “yes” (e.g., “Is there
a container holding the nuts?”’), while the check on the edited premise is labeled “no” (e.g., “Is the
container red?”’). On average, each question yields 3.8 checks.

Final Training Set To optimize training compute, we subsample a 57K subset maintaining a 2:1
positive-to-negative ratio (ablated in Sec.[d.5). We visualize representative training samples in Fig.

3.2 TRAINING PROCESS AND REWARD DESIGN

Setup We train VERVE-TRAIN in two modes: Plain (standard prompt with a correctness-based
reward) and OPSV (self-verification prompt, illustrated in Fig. ). The full prompts are in App.|[H
Given an image-question tuple (I, g) as input, the policy 7y generates a response y ending with
a predicted answer @ inside <answer> tags. We optimize 7y using GRPO (Shao et al., [2024),
sampling K = 8 candidate responses per prompt at a temperature of 1.0.

Rewards in Plain Mode In plain mode, we employ solely a correctness reward R, based on whether
the final predicted answer a matches the ground truth a*:

R=R.=1[a=a"]. 3)

We evaluate correctness primarily via option-letter matching (a vs. a*), falling back to Qwen3-30B
to judge semantic equivalence if exact parsing fails or for open-ended questions.



Preprint

Rewards in OPSV Mode In OPSV mode, the prompt asks the model to verify the premises
of the question against the image before answering. The model emits each check as
<check> §; </check><verdict>9; </verdict>, followed by one sentence of supporting
visual evidence, and then reasons toward the final answer. This yields an on-policy checklist
G = {(§:,0;)}, alongside the predicted answer é. In the running example (Fig. @), the model asks
“Can I see a container?” “yes” and “Is it red?” “no”, then concludes “The container is not red.”

Verifying every emitted check against the image during training would be very expensive; we evaluate
the checklist against the m golden verifications G = {(g;,¢;)}J;, ¢; € {yes,no}. We use a reward
model i (Qwen3-30B) to match each emitted check with the golden set, assigning u(i) = j if g;
matches g; and (i) = @ otherwise. A gold check is considered covered if at least one matching
emitted check produces the correct verdict and the coverage reward R, is defined as:

Rk:%, WhereC:{j:EIi7 u(i) =37 /\@;:éj}, 4

i.e., the ratio of golden verifications that were checked and correctly answered by the model. Each
gold check can be covered at most once to prevent reward hacking through duplicate checks. Asking
the right question with the wrong verdict (“Is the container red?” — “yes”) earns no credit. The final
reward is

R:(1—wf)RC(a+(1—a)Rk)+wfRf, 5)

where format reward Ry € {0, 1} rewards structural compliance. Gating Ry, by R, prevents the
model from gaming the reward by generating accurate intermediate checks while predicting an
incorrect final answer. Notably, we never directly supervise which questions to ask, but reward the
model for coming up with relevant questions by itself (on-policy). It may learn to ask additional
questions it deems purposeful. Hyperparameter (a and wy) choices are given in App. [B]

4 EXPERIMENTS

We present experiments of VERVE-TRAIN on three tasks, i.e., evaluation on VERVE benchmarks
(Sec. £.2)), perception-hallucination benchmarks (Sec. #.3)), and cross-task transfer (Sec. {.4). In
addition, we ablate important training strategies and data selections (Sec. [4.3).

4.1 EXPERIMENTAL SETUP

Evaluated Models On VERVE-MCQ, we evaluate frontier models (Gemini-3.7-Flash (Google
DeepMind, 2026b), GPT-5.6-Sol (OpenAll 2026), Qwen3.5-397B (Team) 2026)), GLM-4.6V (Hong
et al., |2025), Kimi-K3 (Team et al.| [2026)), agentic visual search methods (Thyme (Zhang et al.|
2026b), DeepEyes (Zheng et al., [2026), DeepEyes-v2 (Hong et al.,2026))), native ToolUse variants
(Qwen3-VL-8B and Qwen3.5-9B with Qwen-Agent harness (Qwen Team) 2025)) and single-pass
models (TreeVGR (Wang et al.,|[2026a), ZwZ (Wei et al., [2026a), Vision-OPD (Yuan et al., 2026)).

Training Setup To fairly compare with visual search methods above, we train VERVE-TRAIN on their
base models: Qwen2.5-VL-7B-Instruct, Qwen3-VL-8B-Instruct, and Qwen3.5-9B. Each backbone is
trained separately in plain and OPSV modes on our 57K dataset for 1 epoch (detailed in App. [B).

4.2 EVALUATION ON VERVE-MCQ

Tab. [I]repons AcCpaired overall and broken down by hop (Target, 1-hop, 2-hop) and edit type (obj, attr,
rel). In the appendix, we provide results for additional frontier models (Tab.[TT)), separate accuracy
on positive and negative MCQs (Tab. , AcCCpairea by image source (Tab. , prompt engineering
study (App.[D.9.1) and a human evaluation on 100 randomly sampled MCQs (App. [E).

Current models struggle on VERVE-MCQ As shown in Tab. [I] even the top frontier MLLM,
Gemini-3.7-Flash, scores only 41.5% on our benchmark. With 3T parameters, Kimi-K3 scores an
averaged 26.6%, while human baselines (Tab. score 70.5% on averaged AcCpaired. Agentic models
only score a single digit on average score. For example, Thyme achieves just 2.7% AcCpaired, €VEN
under the random guess at 4%. Meanwhile, the ToolUse variants show mixed effects on two base
models, degrading the base performance of Qwen3.5-9B from 20.1% to 17.9%. One-pass SOTA
visual search methods (TreeVGR, ZwZ and Vision-OPD) lag behind their respective base models,
where Vision-OPD exhibits a 4.5% drop (compared with Qwen3.5-9B at 20.1%) in averaged AcCpgired-
This exposes a core flaw in existing visual search approaches: a lack of robustness to hallucinated
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conditions. Furthermore, our attention analysis in App. reveals that model like ZwZ exhibits a
rigid “tunnel vision” effect in their internal attention patterns, likely explaining such flaw.

Performance Drops on Fine-

Grained Edits Tab. reports  Table 1: Paired accuracy (Accpaired) 0n VERVE-MCQ, Best

AcCpaired by different edit slots and  and second-best on each backbone.
types, showing that models are

most robust to negative edits at the TARGET 1-Hop 2-HoPp
“Target”, followed by “1-Hop”, and
“2-Hop”. For example, when an
attribute in the “Target” position is grﬁ)ﬁiiré‘\l/(z%%) 155 249 18.1 17.1 6.6 69 95 68 46
edited to a negative, Qwen3.5-9B o0 30 p™ 030 364 239 231 168 129 143 8.1 6.1
achieves 21.6%. This drops to 18.1% ;i k3(37) 26.6 36.0 33.1 249 19.5 18.3 16.7 13.5 9.1

at “1-Hop” and further to 9.5% at  GpT.5.6 Sol 13.9 247 165 115 7.1 64 7.1 27 3.0
“2-Hop”. Even Gemini-3.7-Flash  Gemini-3.7-Flash 41.5 47.0 48.9 46.8 35.8 32.7 26.2 27.0 21.2

follows this trend, showing that g, .11 Models
current models struggle to spot errors  Qwen2.5-VL-7B 114 21.6 87 115 58 64 83 41 46

Model Avg. obj attr obj attr rel obj attr rel

in fine-grained queries and perform +Thyme 27 65 15 30 13 1.0 00 00 00
multi_hop reasoning. Edit type also +DeepEyes 39 85 36 34 22 05 24 00 00
impacts performance: models are i?eefgéis'vz 23 1;? g? 431411 (l)g i; %‘2‘ 88 88

. . ree N . . . . . . . N
gfnerauy ﬁeaker on riat{f’ln;d“,,s +VERVE,;, 335 445 384 349 305 144 333 243 46
than on OtBer types. lt -HOP™,  4VERVE,,, 40.8 50.3 44.3 42.4 42.5 21.3 429 351 7.6
Qi’ve.“&s'g. Scorefﬂorlllylfg.g% O Qwen3-VL-8B 112 198 120 126 53 55 48 00 1.5
relation edits, roughly half its score = 1,5 197 33.5 19.1 223 124 99 119 4.1 3.0
on attribute edits (18.1%). +ZWZ 76 182 7.6 34 22 10 60 00 15

VERVE-TRAIN comprehensively =~ +VERVE,, 418 519 450 46.8 40.7 24.3 38.1 297 10.6
boosts performance As shown in  *VERVEyw 422 490 48.1 476 398 21.8 500 311 12.1

Tabm ﬁne_tuning three base models Qwen3.5-9B 20.1 29.0 21.6 22.7 18.1 89 13.1 95 3.0
with VERVE-TRAIN yields massive ~ *ToolUse 17.9 315 219 152 111 64 6.0 41 3.0
Acc.: 2ins across question cate- +Vision-OPD  15.6 27.6 19.6 13.0 9.7 55 7.1 0.0 15
“paired & q +VERVE,;, 497 57.3 542 528 4877 337 52.4 392 21.2
gories. On Qwen3.5-9B, VERVE iin  4VERVE,,, 553 618 60.3 58.7 54.0 47.5 50.0 40.5 197
already improves AcCpuired from
20.1% to 49.7%, outperforming Gemini-3.7-Flash by 8.2%. VERVE,,,, further boosts perfor-
mance by an additional 5.6% to 55.3%, outperforming Gemini-3.7-Flash by 13.8%. Crucially,
VERVE-TRAIN demonstrates notable resilience in questions with fine-grained negative edits: on the
challenging 2-Hop edit slot, VERVE,,,, reaches 50.0% on 2-Hop objects, dramatically outperforming
Gemini-3.7-Flash (26.2%). Qualitative examples are shown in Fig. [2] and Fig.[§] These samples
further confirm that VERVE-TRAIN successfully handles both positive and negative queries. The
model reasoning traces in Fig. [I2]confirm that our OPSV mode incentivizes self-verification behavior.

4.3 PERCEPTION VS. HALLUCINATION: BREAKING THE TRADE-OFF

To systematically investigate this dynamic, we evaluate three key model categories, standard base
models, recent visual search models, and our models across eight perception and six hallucination
benchmarks (details in App. [C.T), with full results reported in Tab.[2] This targeted evaluation reveals
a critical trade-off in existing paradigms: while recent visual search models boost performance on
perception tasks, they suffer a sharp decline in hallucination resistance relative to their base models.
On the Qwen2.5-VL-7B backbone, the agentic approach DeepEyes-V2 sees its average hallucination
score drop from 72.3% to 40.6%. The one-pass method TreeVGR similarly drops by 14.7% (57.6%
vs. 72.3%). On the Qwen3-VL backbone, ZwZ degrades by 9.2% on hallucination benchmarks.
Likewise, on Qwen3.5-9B, Vision-OPD improves perception but noticeably degrades hallucination
resistance by 4.9% (71.3% vs. 76.2%).

In contrast, VERVE breaks this perception-hallucination trade-off. On Qwen3.5-9B, our approach not
only outperforms Vision-OPD in perception but simultaneously pushes the hallucination average to
an unprecedented 84.1% (7.9% higher than its base model). On weaker backbones (Qwen3-VL and
Qwen2.5-VL), VERVE achieves a Pareto improvement over the base model, matching the perception
accuracy of prior methods while substantially improving hallucination resistance. Furthermore,
both our plain and OPSV variants land on this expanded frontier, establishing a new standard for
trustworthy visual search. Qualitative examples in Fig. [I0]confirm that VERVE-TRAIN effectively
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Table 2: Perception and hallucination benchmark results, with best and second-best scores marked per
backbone. Perception benchmarks include V* (Wu & Xiel [2024), HR-Bench-4K (Wang et al.| 2025),
HR-Bench-8K (Wang et al.,|[2025)), CV-Bench (Tong et al., 2024), ColorBench (Liang et al., 2026),
CountQA (Tamarapalli et al., 2025)), BabyVision (Chen et al.,|2026), and PerceptionBench (Lin et al.,
2026)). Hallucination benchmarks include FINER-CompreCap (Xiao et al.| [2026), RePOPE (Neuhaus
& Hein, |2025), DASH (Augustin et al., 2025), HallusionBench (Guan et al., [2024), AMBER Dis-
criminative (Wang et al.| 2023)), and HaloQuest (Wang et al., 2024)). Note that PerceptionBench is
excluded from the perception average (same for Fig. E[)

Perception Hallucination
[~ o=t . . = > : % w T o .

. £ & £ 3f 5§ £ 35 » zZ .85 235 59 =
Method -~ T I @) o O 9~ a < [ Q T < T <
Qwen2.5-VL-7B 79.1 72.6 664 747 76.8 222 10.5 242 575 545 924 81.7 433 869 750 723
+TreeVGR 86.3 76.6 727 743 752 222 123 241 599 43.0 900 60.3 29.7 843 385 57.6
+DeepEyes 822 735 68.6 782 77.6 19.1 12.8 - 589 446 869 544 332 825 468 58.1
+DeepEyes-V2  80.6 753 724 79.7 77.6 18.0 13.1 - 595 422 458 51.0 37.5 437 233 40.6
+Thyme 827 775 72.1 782 77.7 215 14.1 - 60.5 473 854 63.1 479 852 328 603
+VERVE,, 1, 89.0 753 72.6 762 787 204 13.1 25.8 60.8 63.0 93.5 83,5 439 874 842 759
+VERVE,, 859 734 733 777 77.6 203 132 268 60.2 628 939 804 442 88.1 815 75.1
Qwen3-VL-8B 832 79.6 76.2 852 825 285 157 292 644 67.5 94.0 75.1 57.5 87.3 75.0 76.1
+ZWZ 91.1 84.3 82.0 86.9 83.1 29.5 16.7 31.6 67.7 56.7 894 58.6 60.1 82.6 54.0 66.9
+VERVE 1, 85.8 83.0 80.0 859 83.5 29.8 123 329 65.8 70.5 947 842 62.1 87.5 85.8 80.8
+VERVE,, 89.0 84.0 81.6 857 83.6 30.5 15.7 32.0 67.2 721 95.1 844 62.7 879 823 80.8
Qwen3.5-9B 832 85.6 80.5 86.1 83.8 34.6 18.0 339 674 71.6 940 70.5 63.2 88.0 700 76.2
+Vision-OPD 90.1 87.0 84.3 88.6 852 38.3 18.0 355 702 68.6 925 57.1 58.6 854 653 713
+VERVE ;i 90.6 87.1 84.0 88.2 853 43.5 21.7 39.1 715 823 957 84.8 659 884 87.7 84.1
+VERVE,, 90.1 88.8 84.5 88.1 854 40.0 20.6 399 7.1 79.7 955 822 66.8 89.0 84.2 829

reduces hallucinations across various benchmarks. We further compare VERVE-TRAIN with FINER-
Tuning (Xiao et al., [2026)), a dedicated hallucination reduction approach, across the hallucination
benchmarks detailed in App. Results show that VERVE-TRAIN even outperforms a strong
method specifically tailored for hallucination reduction.

4.4 CROSS-TASK TRANSFER

Beyond topping VERVE-MCQ and miti-

gating the perception-hallucination trade-
off, VERVE-TRAIN teaches models to dis-
tinguish positive from negative queries,
enhancing cross-modal discriminativeness
and strengthening vision-language align-
ment. This improved alignment yields
cross-task benefits on benchmarks for
which our model was not explicitly trained,
including general understanding (MMStar),

Table 3: Cross-task transfer results on MMStar (Chen
et al., 2024), PerceptionRubrics (Wei et al.l |2026b)),
VL-RewardBench (L1 et al., 2025c¢), MMRB2 (Hu
et al.,2026), GroundingME (Li et al.| [2026a), ProbMed-
1K (Yan et al., [2025), VidHalluc (L1 et al.| 2025a).
Reference models: °GPT-5.2, ®GPT-5.5, “Proxy-
GRM (Qiu et al| 2026), “GPT-5, *Qwen3-VL-235B,
fMedGemmal.5 (Sellergren et al., 2026), 9GPT-4o.

captioning (PerceptionRubrics), reward &Jé?\ s & 5’ ws 3. F

modeling (VL-RewardBench, MMRB2), S8 E5 9 5§ 38 55 S

grounding (GroundingME), medical hal- Mode s %F 78 ¢ £ Fe 7

lucination (ProbMed-1K), and video hal- Q"fZ“\fI'ZVL'SB %? 22'8 g;g 2151':91 gél % ;gg
lucination (VidHalluc). Table[3|compares ~ +VERVE,,, 741 433 689 569 356 586 749
our results against ZwZ, Vision-OPD, and +VERVE,,,  73.1 440 67.0 563 345 60.6 763
several frontier or expert models. Notably, Qvievniiifgm ;‘6*-? ;8-3 222 gg-i 22-2 gé-; ;g-z
VERVE-TRAIN improves Qwen3.5-9B by [yppvp .~ 781 3562 732 593 464 625 800
14.1% on VL-RewardBench, 11.4% on +VERVE,,,, 769 535 739 591 502 627 77.8
GroundingME, and 5.4% on image caption-  Reference 7719 5520 724° 7229 498° 57.10 82.49

ing (PerceptionRubrics). On the first two,

the gains extend beyond hallucination and rejection categories to reasoning and general categories
(App.[D.4). Despite receiving no medical or video training, it also gains on ProbMed-1K (+1.0%)
and VideoHalluc (+3.3%). These results, together with the qualitative examples in Fig. [TT] show that
VERVE-TRAIN generalizes effectively, highlighting the importance of discriminative training.
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Table 4: Positive:negative ratio at a fixed bud- Table 5: Reward ablation on the 57k training set,
get of 10k, plain reward, Qwen3-VL-8B. Best Qwen3-VL-8B. SVP: Self-verification (SV) Prompt;

and second-best. gating: Eq.|5| Best and second-best.
. VERVE HR Re . VERVE HR Re
ratic. “ycq 8K POPE Variant MCQ 8K POPE
base 11.2 762  94.0 base 11.2 762 94.0
1:0 6.5 745 928 + R, 41.8 80.0 94.7
1:1 268 744 941 + R. +SVP 416 81.0 94.7
2:1 24.1 768 943 + R.+SVP + Ry 414 812 947
3:1 23.0 76.5 944 + R: + SVP + Ry + Gating 422 81.6 95.1

4.5 ABLATIONS

Ablation on Positive-Negative Ratio Using a 10K training subset, we study the optimal ratio between
positive and negative samples (Tab.[d). A 1:1 ratio degrades performance on perception benchmarks,
whereas 2:1 and 3:1 ratios substantially recover accuracy. Consequently, we select a 2:1 ratio when
scaling to our full 57K training set.

Ablation on Reward Design On the full 57K training set, we ablate our reward design in Tab. [5] by
progressively adding up components from base model: (1) adding R, (our plain training); (2) adding
a SV prompt without Ry; (3) adding the coverage reward R, without gating by R.; and (4) applying
full gated reward function in Eq. E} As shown in Tab. E} the full gated reward yields the best AcCpyired
on VERVE-MCQ and balanced results on perception-hallucination benchmarks.

5 RELATED WORK

Visual Search Benchmarks and Methods Standard visual search benchmarks (Wu & Xie, [2024;
Wang et al., 20235)) typically examine small-target search. While VERVE-MCQ also targets high-
resolution, small-target scenarios, it uniquely evaluates perception and hallucination jointly. Early
RL-based methods (Huang et al.| 2026bj Shen et al., 2025a; Meng et al.| [2025)) leverage GRPO (Shao
et al., 2024)) or DAPO (Yu et al.} 2026b) to enhance MLLM reasoning. However, recent work (Yu
et al., 2026a; Wang et al., [2026b) identifies perception as the primary bottleneck in visual search
tasks. To address this, training-free approaches (Shen et al.l 2025bj Kim et al., 2026; [Li et al., 2025b;
2026b) employ search strategies with high inference overhead, while agentic methods (Zhang et al.,
2026bj; [Zheng et al.| [2026; Hong et al., 2026} Lai et al.,2026)) train models to dynamically crop image
regions at the cost of high latency. Single-pass methods instead internalize visual search through
grounding (Wang et al., 2026a; [Su et al., [2026), region-to-global distillation (Wei et al., 2026a), or
on-policy distillation (Yuan et al.| [2026). Notably, VERVE-TRAIN incentivizes explicit verification
during training, boosting perception while suppressing hallucinations. Unlike VAPO (Tian et al.|
2026) and PEARL (Zhang et al., |2026a), which supervise reasoning via external, off-policy questions,
VERVE-TRAIN generates its verification questions purely on-policy.

Discriminative Hallucination The failure mode highlighted in our work represents a form of dis-
criminative hallucination. While cross-modal discriminativeness is foundational to vision-language
pre-training (Radford et al., 2021} [Zhai et al., 2023 Xiao et al., [2025; Huang et al., |2026c), in
MLLMs it directly relates to hallucination robustness. Existing benchmarks evaluate this using binary
queries (Li et al., 2023} [Neuhaus & Hein| 2025; |Augustin et al., 2025; [Wang et al., 2023), false
premises or unanswerable questions (Wang et al., 2024} [Zhang et al.| 2025; Miyai et al., 2025} |[Zhu
et al.| 2026), or fine-grained query-image mismatches (Xiao et al.,|[2026). VERVE-MCQ differs by
focusing on high-resolution scenarios while jointly evaluating perception and hallucination. While
recent work indicates that reasoning training can amplify hallucinations (Xu et al.,|2026), we further
show: even models trained for vision-centric visual search suffer degraded hallucination resistance.

6 CONCLUSION AND LIMITATIONS

Conclusion In this work, we introduced VERVE, a framework designed to benchmark and enhance
verified visual search. Through VERVE BENCHMARKS, we revealed that SOTA visual search
methods show “loss of discriminativeness”, uncovering a broader perception-hallucination trade-off.
To address this, we introduced VERVE-TRAIN, which achieves top performance on VERVE-MCQ
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while mitigating this trade-off with strong gains across six independent hallucination benchmarks.
Finally, we showed that VERVE-TRAIN transfers effectively across tasks.

Limitations Due to annotation complexity, VERVE-MCQ is limited up to two-hop scenarios, with
two-hop queries being a minority. Evaluating higher-order chains will challenge future systems
further. Additionally, while VERVE-TRAIN outperforms Vision-OPD in perception, it trails ZwZ by
~0.5%. Closing this gap while maintaining hallucination robustness remains important.
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A VERVE BENCHMARK CONSTRUCTION DETAILS

This section details the construction pipeline and rigorous filtering applied to create the VERVE
benchmark. We detail the methodology in two primary components: the generation of the multi-
choice split (VERVE-MCQ) and the derivation of the binary diagnostic split (VERVE-BINARY).

A.1 VERVE-MCQ

” target_obj: symbol target_attr: empty -> green
Positive Ques — _, | target_attr: empty | ref_1_rel: on -> under . Compose
ref_1_rel: on ref_1_obj: tram's front -> the proposals
What symbol is visible ref_1_obj: tram'’s front back bumper of the white bus
on the tram's front, to Extract ref_1_attr: empty Propose ref_1_atir: empty -> parked
the left of ‘8275’2 Referring ref_2_rel: to the left of Negative ref_2_rel: to the left of -> beside Filter
Chains ref_2_obj: number 8275 Edits ref_2_obj: number 8275 -> the Rewrire

ref_2_attr: empty exhaust pipe

ref_2_attr: empty -> rusty

Negative Ques

What green symbol is visible on the
Paired Acc. tram's front, to the left of the number —

?
A. Emergency Exit symbol 82752

B. Inter. Symbol of Access
C. European Union flag
D. Such a symbol is not found What symbol is visible on the tram's
E. No Smoking symbol front, to the right of the number 8275?

Negative Ques

Figure 5: VERVE-MCQ construction pipeline.

As shown in Fig.[5} we construct VERVE-MCQ by converting positive visual search questions into
one or more minimally edited negative twins.

Positive Question Selection We collect original samples from ZoomBench (Wei et al., 2026a) and
TreeBench (Wang et al}[2026a), yielding an initial pool of 1,250 images paired with one question
each. Human annotators filter out 53.3% of these questions, leaving 584 images with verified positive
questions. Fig.[3]illustrates an example: an image showing a tram in a street view is selected with the
positive question “What symbol is visible on the tram’s front, to the left of *8275°?”

Extracting Referring Chains We parse each positive question into the object-anchored chain
defined in Eq.[I} Each chain contains a target object and one or more reference anchors, with editable
slots for objects, attributes, and relations. Using GPT-5.1 with the prompt in App.[H] we generate
referring chains for all positive queries. This structure lets us edit one visual condition at a time while
keeping the rest of the question intact. For example, in Fig.[5] “symbol” is identified as the target,
and “tram’s front” serves as the first reference anchor (ref_1_ob3j).

Proposing Negative Edits For each filled slot, we prompt Gemini-3-Flash with the image, original
question, and parsed chain to propose a plausible replacement not supported by the image. A valid
edit modifies a single object, attribute, or relation, making the question unanswerable under the
original choices. For instance, changing “to the left of *8275” to “to the right of 8275 is valid only
if the image lacks the queried symbol at the edited position. If no valid edit can be found for a slot, it
remains unchanged. Overall, this pipeline generates 2,736 negative edit proposals, averaging 4.68 per
positive question.

Human Review Automated proposals can still produce invalid edits. In Fig.[5] for example, Gemini
proposed changing “symbol to the left of 8275 to “symbol beside 8275,” which fails as a negative
edit because both descriptions fit the image. To address this, two human annotators manually review
all proposals to ensure that each edit modifies only the intended condition, is not satisfied elsewhere
in the image, and correctly maps to the premise-denial answer option. Annotators first discard
977 invalid proposals, leaving 1,759 (64.2% of the initial pool), and then refine or rewrite 617 of
the remaining edits (35.1%). Annotators cross-check each other’s work and resolve disagreements
through further edits, yielding an inter-annotator agreement rate of 95.8%.

Pairing with Positive Twins Accepted negative edits are reassembled into MCQs using GPT-5. A
negative twin shares the same image and answer choices as its positive counterpart, but its correct
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answer changes to the premise-denial option (e.g., “Such a symbol is not found” in Fig.[3)). This
option is included in positive questions as well, ensuring its presence does not reveal whether a query
is positive or negative. As a result, each positive and negative pair is distinguished solely by the
edited visual premise.

Benchmark Distribution We measure the dis-
tribution of question pairs across edit locations
(“Target”, “1-Hop”, and “2-Hop”) and edit types
within each location (“object”, “attribute”, and
“relation”). Fig. [f] visualizes this breakdown.
The distribution shows that the majority of ed-
its in VERVE-MCQ remain within the “Target”
and “1-Hop” categories, demonstrating that the oL o op 2t
benchmark does not artificially inflate difficulty ‘

by relying heavily on multi-hop samples. In- Fjgure 6: Number of samples over question cate-
stead, our goal is to show that frontier models  ¢4ry on VERVE-MCQ

can fail even on simple, coarse-grained negative

edits.

[ Object Attribute  #2#  Relation

# question pairs

A.2 VERVE-BINARY

VERVE-BINARY is derived from the edit history of VERVE-MCQ. For each accepted negative edit,
we construct a pair of binary verification questions: one for the original visual premise and one for
the edited (negative) visual premise. The positive binary question asks whether the original phrase
can be seen in the image, while the negative binary question asks whether the edited phrase can be
seen.

Using the example in Fig. [5] the MCQ edit from “to the left of the number 8275 to “to the right
of the number 8275” produces a binary pair that directly tests this relation. The positive binary
question should be asking “Can you see the symbol to the left of number 8275” while the negative
binary question should be asking “Can you see the symbol to the right of number 8275”. In this way,
VERVE-BINARY removes the multiple-choice answer selection step, isolates whether the model can
verify the edited visual condition itself.

Since VERVE-BINARY is derived from the human-reviewed VERVE-MCQ, its quality is inherently
high. To refine it further, we used Gemini-3.7-Flash to inspect all binary questions, identifying 201
samples where the model disagreed with the answer key. Human annotators manually reviewed
these cases, removed some of them and updated 70 of them, yielding a final set of 1,680 paired
binary questions for VERVE-BINARY. All binary questions were verified to ensure they preserve the
intended edit from VERVE-MCQ, can be answered strictly as yes/no questions, and introduce no
extra ambiguity. We use this diagnostic split to test whether a model fails on VERVE-MCQ because it
overlooks an edit within a complex query, or because it fails to recognize the edited visual condition
in isolation.

B TRAINING DETAILS

Training Configuration We train VERVE-TRAIN on our curated 57K training set for one epoch.
For Qwen2.5-VL-7B, Qwen3-VL-8B, Qwen3.5-9B, we train these three backbones under the same
configurations. The detailed configuration is documented in Tab. [§]

Reward Hyperparameters Regarding the reward hyperparameters (o, wy) in Eq. |§|, we fix wy =
0.1 across all three backbones (Qwen2.5-VL-7B, Qwen3-VL-8B, and Qwen3.5-9B). We set a = 0.5
when training Qwen2.5-VL-7B and Qwen3-VL-8B. However, when training Qwen3.5-9B, we
observed early saturation of Ry due to the stronger inherent capabilities of the backbone. Because
such saturation can hinder learning, we found that applying an annealing schedule to « significantly
boosts performance. Details are provided in App.[D.10]

Examples of Training Data Figure[7] visualizes representative examples from our training data

construction pipeline (Sec.[3.T). Specifically, we show one positive query sample alongside three
distinct negative query types corresponding to object, attribute, and relation edits proposed by GPT-
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Config Qwen2.5-VL-7B  Qwen3-VL-8B Qwen3.5-9B
Training data 57,447

Tuned parameters all (vision tower unfrozen)

RL algorithm GRPO (Shao et al.|[2024)

Rollouts per prompt G 8

Rollout temperature / top-p 1.0/1.0

Prompts per step 384

Global BS 96 prompts (768 responses)

Total epochs 1 (150 steps)

Optimizer AdamW (Loshchilov & Hutter|[2019), 5=(0.9,0.999)
Learning rate I x107°

LR scheduler constant

Warm up ratio 0

Weight decay 1x10°2

Gradient clipping 1.0

KL coefficient 0

Clip ratio (low / high) 0.2/0.3

Max prompt / response length 25,000 / 2,048 tokens

Image pixel budget (min / max) 5122 / 40962

Precision bf16

Table 6: Hyper-parameters for VERVE-TRAIN

OSS-120B. For self-verification training (Sec. [3.I), we also construct ground-truth verification checks
used to compute the coverage reward Ry; these reference checks are shown in the rightmost column.

B.1 DIsSCUSSION ON TRAIN-TEST DISTRIBUTION

In this paper, we took three steps to rule out risks for any potential in-distribution leakage between
our training set and test set.

Image Deduplication Our 57K training samples are drawn from the ZwZ-RL training set (Wei et al.|
2026a). The benchmark images come from ZoomBench (Wei et al.,|2026a) and TreeBench (Wang
et al.| 2026a), where ZwZ-RL was already deduplicated against ZoomBench by its authors.

Separate Generation Pipelines The training data and the benchmark are built by completely
different pipelines with different models and prompts. For training, GPT-OSS-120B proposes
negative questions and Qwen3.5-27B verifies them against the image (Sec. [3.1). For the benchmark,
GPT-5 parses the referring chain, Gemini-3-Flash proposes the edits, and GPT-5 assembles the final
questions (App. [A.T). The benchmark also passes through heavy human review: annotators discard
977 of the 2,736 proposed edits and rewrite 617 of the remaining ones, which moves the benchmark
distribution well away from any automatic pipeline (see App. for details).

Gains on the Held-out Source Finally, we validate this on detailed breakdowns of our VERVE-
MCQ shown in Tab. @ VERVE-TRAIN significantly improves p AcCpaireq 0N the subset whose image
source is TreeBench. For example from 11.0% to 36.1% on Qwen3.5-9B. If the improvement came
from in-distribution exposure, it would not appear on this subset (at least not with this scale).

C EVALUATION DETAILS

C.1 EVALUATED BENCHMARKS

In addition to our VERVE-MCQ benchmark and the diagnostic VERVE-BINARY suite, we evaluate
models across three broad benchmark categories: eight perception benchmarks, six hallucination
benchmarks, and seven cross-task transfer benchmarks. Here, we briefly introduce each benchmark
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McQ Self-verification Q&As
What is the visible text on the white Q1: Is there a sign?
sign in the background? Al: Yes
. . Q2: Is the sign white?
The question refers to the region .
marked by the red bounding box A2 ves
Y 9 ’ Q3: Is the sign in the background?
A. UM rside A3: Yes
B. There is no such white sign Q4: Is there visible text on the sign?
C. UM beachside A4: Yes
D. UM waterside
E. UM riverside
MCcQ Self-verification Q&As
What is the primary material used for Q1: Is there a fountain?
the colorful surface of the fountain? Al: No
. . Q2: Is there a colorful surface?
The question refers to the region A2: Ves

marked by the red bounding box. Q3: Is there a colorful surface on the fountain?

A. mosaic concrete A3: No
B. such a fountain is not found Q4: Does the colorful surface have a material?
C. stained glass A4: Yes

D. ceramic tiles
E. painted metal

MCQ Self-verification Q&As
What is the plain yellow central object Q1: Is there a central object?
creating the circular light pattern? Al: Yes
Q2: Is there a circular light pattern?

The question refers to the region

marked by the red bounding box. A2 Yes

Q3: Does the central object create the pattern?

A. Rotating amusement ride A3: Yes

B. Light show projector Q4:Is the central object plain yellow?
C. Ferris wheel A4: No

D. Carousel

E. There is no plain yellow central object

McQ Self-verification Q&As

What is the state of the water body Q1: Is there a building complex?
behind the building complex? Al: Yes

. . Q2: Is there a water body?
The question refers to the region .
marked by the red bounding box AZ: Yes

Y 9 : Q3: Is the water body behind the complex?
A. there is no water body behind it A3: No
B. evaporated Q4: Does the water body has a state?
C. liquid A4: Yes
D. frozen
E. covered

Figure 7: Visualization of training data. We visualize one positive training samples and three negative
samples, each negative sample represents one edit type (Obj, Attr or Rel). The correct option is
underlined. Note that self-verifications only serves as extra labels for reward modeling in the OPSV
training and are not used in plain training.

evaluated in Sec.[4.3]and Sec.[#4] Regarding the metrics reported for each benchmark in Table 2] and
Table[3] we use micro-averaged accuracy unless otherwise specified.

Perception Benchmarks To evaluate fine-grained visual perception capabilities, we benchmark
performance across eight distinct visual understanding tasks:

V¥ 2024): Evaluates small-detail localization within cluttered scenes using
191 high-resolution (2K) images with multiple-choice questions (MCQs) targeting spatial
relations and fine object attributes.

« HR-Bench-4K and HR-Bench-8K (Wang et al.|[2025): Pushes visual limits with ultra-
high-resolution images (4K and 8K) over four-way MCQs covering single-object perception
(attributes, OCR) and multi-object spatial reasoning.

* CV-Bench (Tong et al.,|2024): Comprises 2,638 MCQs assessing fundamental 2D/3D
visual cues, including object counting, spatial relations, depth ordering, and relative distance

estimation.

* ColorBench (Liang et al.,[2026): Isolates color perception across varied tasks, including
color recognition, extraction, comparison, and specialized optical illusion tests.

* CountQA (Tamarapalli et al.,2025): Evaluates exact object counting (ranging from 0 to
400 instances) in real-world photographs using verified exact-match numerical ground truth.
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* BabyVision (Chen et al.,[2026): Probes foundational visual reasoning skills-such as visual
tracking, pattern recognition, and spatial perception-across 388 mixed-format evaluation
items.

* PerceptionBench (Lin et al., 2026): Isolates atomic visual perception from high-level
reasoning using 3,000 short-answer questions constructed from failure cases of frontier
models across ten perceptual dimensions.

Hallucination Benchmarks To measure robustness against visual hallucinations, we evaluate
models across six established evaluation suites:

* FINER-CompreCap (Xiao et al.| 2026): Assesses fine-grained negative queries across
four distinct settings: multi-object, multi-attribute, multi-relation, and open-ended “What”
queries. In Tab. E], we report the micro-averaged paired accuracy (AcCpaireq) across all
subsets.

¢ RePOPE (Neuhaus & Hein, [2025): A cleaned, re-annotated variant of POPE (L1 et al.|
2023) evaluating binary object existence on COCO images, eliminating benchmark label
noise and ambiguity.

* DASH-B (Augustin et al.,[2025): Extends binary object-existence evaluation to web-scale
scenes from ReLAION-5B (LAION} 2024), querying present versus absent objects verified
by human annotators.

* HallusionBench (Guan et al., 2024): Disentangles visual illusions from language prior
hallucinations using paired original and human-edited images evaluated under identical
binary questions; we report (fAcc) in Tab.[2]

* AMBER (Wang et al., [2023)): Covers existence, attribute, and relation hallucinations across
1,004 images; we utilize its discriminative subset comprising 14,216 template-generated
binary questions.

* HaloQuest (Wang et al.,|2024): Evaluates open-ended queries designed to elicit halluci-
nations via false premises, missing context, or high visual ambiguity, graded via an LLM
judge.

Cross-Task Transfer Benchmarks To evaluate cross-task transferability, we conduct experiments
across seven distinct downstream benchmarks:

e MMStar (Chen et al.;2024): A multi-modal benchmark comprising 1,500 human-selected
multiple-choice questions designed to prevent data leakage, spanning six core capabilities
from coarse visual perception to mathematical reasoning.

* PerceptionRubrics (Wei et al. [2026b): Evaluates fine-grained image captioning across
1,038 images, using human-designed rubrics that pair essential visual facts with easily
missed details. We follow the benchmark’s protocol and report mean gated rubric score in
Tab.[3] the fraction of easy-wrong rubric items covered by the caption, counted only if all
must-right items are covered.

* VL-RewardBench (Li et al.| 2025c): Assesses model capability as a multimodal reward
model over 1,250 human-verified pairwise response comparisons spanning general, halluci-
nation, and reasoning categories.

* MMRB2 (Hu et al., 2026): Evaluates multimodal reward modeling across 4,000 expert-
annotated pairwise judgments covering text-to-image generation, image editing, interleaved
generation, and complex reasoning.

* GroundingME (L1 et al.| 2026a)): Tests visual grounding performance on high-resolution
images from SA-1B (Kirillov et al., 2023) and HR-Bench under complex instructions,
featuring hard instances with spatial occlusion, tiny objects, and non-existent target rejection.
We report grounding accuracy at IoU > 0.5 in Tab. [3] where rejection items are correct only
if no box is returned.

* ProbMed-1K (Yan et al., 2025): Probes medical VQA robustness across X-ray, CT, and
MRI modalities using paired positive and adversarial negative questions. To maintain
statistical significance while reducing compute overhead, we construct a balanced, stratified
subset of 1,000 question pairs sampled across all diagnostic categories.
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Table 7: Generation parameters during inference.

Parameter Value

Inference engine vLLM 0.11 (Kwon et al., [2023)
Temperature 0.7

Top-p / top-k 0.8/20

Presence penalty 1.5

repetition penalty 1.0
Max. output tokens 8,192

Context length 32,768 tokens

Image budget 65,536-16,777,216 pixels
Random seed 42

LLM judge GPT-OSS-120B (temperature 0)

* VidHalluc (L1 et al.| 2025a): Measures temporal hallucination in video domain tasks by
pairing visually distinct yet semantically similar video sequences to evaluate action ordering
and scene transition queries.

C.2 GENERATION PARAMETERS

To ensure a fair evaluation, we adopt the standard generation parameters recommended for the Qwen-
VL family and evaluate both our VERVE models and baseline systems using identical configurations
and random seeds. For agentic architectures (e.g., Thyme, DeepEyes, and DeepEyes-v2), we
preserve each model’s native inference settings, as empirical observation indicates that altering these
parameters can lead to suboptimal performance. A complete overview of the evaluation parameters is
detailed in Table[7l

D ADDITIONAL EXPERIMENTS

D.1 FULL RESULTS ON VERVE-BINARY

In Sec. we reported only the overall average AcCpaired for VERVE-BINARY, demonstrating that
SOTA open-source methods such as TreeVGR, ZwZ, and Vision-OPD lag behind their base models.
For a detailed breakdown, the full evaluation is provided in Tab. @ Beyond the overall Accpairea across
all samples, because VERVE-BINARY derives object, attribute, and relation edits from VERVE-MCQ,
we also compute fine-grained accuracy breakdowns across these three edit types. We also report
model’s accuracy when the ground-truth of the question is “yes” or the ground-truth of the question is
“no”, as well as (macro) average of the two. Our VERVE variants excel not only in paired accuracy
but also in terms of averaged accuracy split by ground-truth type, proving that we are enhancing
discriminativeness of the models instead of constraining to negative or positive bias.

D.2 QUALITATIVE RESULTS FOR VERVE BENCHMARKS

Fig. [8|shows paired examples from VERVE-MCQ. On the positive queries, all three models agree
with the correct answer. The negative queries change a single word in the query, such as “sign” to
“digital display”, “side” to “roof”, or “car” to “truck”. Gemini-3.7-Flash and Vision-OPD-9B fail
in the negative cases and still return the answer that matches the visible text or object, for example
“TAKEAWAY ONLY” when asked about a digital display that does not exist. VERVE-9B checks
the query against the image and selects the “not found” option in all three cases. The failures of the
baselines are not perception errors, since they read the text correctly in the positive case. They come
from answering without verifying the premise of the question.

Fig.[9]shows the same pattern on VERVE-BINARY. The negative queries replace one attribute, such as
“under” with “left of”, “leaf” with “animal”, or “bell tower” with “clock tower”. Both baselines answer
“yes” to every negative query, even though they answer the positive version correctly. VERVE-9B
answers “No” on all three negatives while keeping the positive answers correct.

D.3 QUALITATIVE RESULTS ON HALLUCINATION BENCHMARKS

Fig.[T0]shows one example from each of the six hallucination benchmarks, comparing VERVE-9B
with its base model Qwen3.5-9B and with Vision-OPD-9B. Most of these questions mention an object
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Table 8: Detailed breakdown results on VERVE-BINARY. Macro is the mean of GT=yes and GT=no
accuracy. Best and second-best within each backbone are marked for paired accuracy and Macro;
GT=yes and GT=no are left unmarked because a strongly biased model can score high on one of
them alone.

Faired accuracy Accuracy by GT
Method Avg obj attr rel GT=yes GT=no Avg.
Gemini-3.7-Flash  85.65 90.34 87.74 64.26 94.54  90.09 92.32

Qwen2.5-VL-7B  70.65 77.32 74.59 3745 71777 9250 85.14
+TreeVGR 57.08 7242 5127 2298 97.54  53.85 75.70
+DeepEyes 4494 59.66 39.31 12.34 95.34 4032 67.83
+DeepEyes-V2 20.24 25.64 18.39 7.66 99.89  10.25 55.07
+Thyme 66.55 7474 69.66 30.64 94.75  68.25 81.50
+VERVE 14 74.94 7835 79.37 51.06 79.06  96.18 87.62
+VERVE,,, 79.52 84.41 86.10 44.68 91.38  86.67 89.03

Qwen3VL-8B 7792 83.51 81.32 49.79 92.02  83.59 &7.81
+ZwWZ 5548 63.79 56.65 24.68 99.14  50.50 74.82
+VERVE in 83.93 87.89 87.00 62.13 9143 91.63 9153
+VERVE,,, 81.96 84.66 85.20 63.83 90.14  90.76 90.45

Qwen3.5-9B 73.15 82.09 7593 35.74 95.50  74.61 8&5.06
+Vision-OPD 5946 72.16 59.04 18.72 99.25 55.12 77.19
+VERVE, s 86.55 88.66 89.24 7191 90.57 95.85 93.21
+VERVE,,, 87.44 89.18 90.28 73.62 93.09 93.90 93.50
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What does the purple sign say What text is visible inside the What object is draped across the

in the largest font? circular orange sign on the side dashboard inside the car?

of the bus? A. neon-lit LED sign 'SQ

A. Such a sign is not found A. DEN HAAG, FRANKFURT, v

B. CRAFTED COFFEE B. ROTTERDAM, BERLIN, C. stack of event flyers

+av C. Such sign is not found D. there is no such object

D. CAKES & PASTRIES }ﬂ \4 E. rainbow-patterned steering

E. TOASTED SANDWICHES E. UTRECHT, HAMBURG wheel cover
| _NEG | |_NEG | | _NEG |

What does the purple digital What text is visible inside the What object is draped across the
display say in the largest font? circular orange sign on the roof dashboard inside the truck?
of the bus?
A. neon-lit LED sign

v A. DEN HAAG, FRANKFURT, B. colorful, shimmering garland 4 [g]
B. CRAFTED COFFEE m B. ROTTERDAM, BERLIN, C. stack of event flyers

C. TAKEAWAY ONLY v D. there is no such objectjiiV4

D. CAKES & PASTRIES D. AMSTERDAM, K?LN Q] E. rainbow-patterned steering wheel
E. TOASTED SANDWICHES E. UTRECHT, HAMBURG cover

‘: Gemini-3.7-Flash m: Vision-OPD-9B V: VERVE-9B (Ours)

Figure 8: VERVE-MCQ qualitative results.

or attribute that is not in the image, such as an oven in a dining room, a freight car in a top-down
driving scene, a white glove on a referee holding a yellow one, or the torch that the Statue of Liberty
is not holding. Vision-OPD-9B accepts the false premise in every case, and Qwen3.5-9B accepts it in
four of the six. VERVE-9B rejects the false premise in all six and, on FINER-CompreCap, also picks
the correct replacement (window frame instead of mirror frame). The HallusionBench example is
the reverse situation: the red shape is indeed a square, and both baselines say no while VERVE-9B
says yes. This shows that the model is not simply biased toward negative answers but is checking the
claim against the image in both directions.
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Can you see the alphanumeric Can you see a leaf design in the Can you see a bell tower in the
code directly under the two image? image?
wavy lines in the image?
’ Gemini-3.7-Flash: yes ¢/ ’ Gemini-3.7-Flash: yes v/
’ Gemini-3.7-Flash: yes v
Vision-OPD-9B: yes v Vision-OPD-9B:
m Vision-OPD-9B: yes v m y iston yes v
W/ VERVE-9B: yes v Y VERVE-98: yes v W/ VERVE-98: yes v
| _NEG | | _NEG | | _NEG |
Can you see the alphanumeric Can you see an animal design Can you see a clock tower in
code to the left of the two wavy in the image? the image?
lines in the image?
Gemini-3.7-Flash: X ini-3.7- 3
’ Gemini-3.7-Flash: yes X * emini lash: yes ' Gemini-3.7-Flash: yes x
Vision-OPD-9B: ision-OPD-9B:
Vision-OPD-98: yes X m ision: yes X m Vision-OPD-9B: yes X
VERVE-9B: N -9B:
 VERVE-9E: No v v o v Y VERVE-98: No v

*: Gemini-3.7-Flash

m : Vision-OPD-9B

W : VERVE-9B (Ours)

Figure 9: VERVE-Binary qualitative results.

FINER-CompreCap Can you see mirror frame, RePOPE Is there an oven DASH .
dog, and wall? in the image? CC'“AYOUAS?e a freight
A. Yes, I can see mirror Answer with yes [l car in this image?
frame, dog, and wall. x or no. | Answer with yes or no.
B. No, but I can see picture .
frame, dog, and wall. m Yes X m iYes x
C. No, but I can see window - -
frame, dog, and wall. v v VpoiYes x . ¥ iNo v
D. No, but I can see shelf . .
frame, dog, and wall. - V No v v :No v
E. No, but I can see door -
frame, dog, and wall. vy X

HaloQuest . . . AMBER . HallusionBench .

In which hand is Lady Liberty Is the glove white in Whether the red shape in
holding the torch in the picture? the image? ___ theimage is a square?
. Answer with yes or \ Answer with yes or no.

m : Right hand X no.
¥ right x [ ives x [ :no x
W/ :None, she is *not* 37 iYes X ; 37 :No x

depicted holding her v /

traditional torch v :No v e V Yes v

Figure 10: Qualitative results on hallucination benchmarks. Only the final prediction is visualized,

G; Qwen3.5-9B

&) vision-opp-98

while intermediate reasoning traces are omitted.

W/ VERVE-9B (Ours)

D.4 PER-CATEGORY BREAKDOWN OF CROSS-TASK TRANSFER

GroundingME and VL-RewardBench each have a category that directly matches our training ob-
jective: GroundingME has a Rejection subset of non-existent targets, and VL-RewardBench has a
Hallucination category. We therefore break both benchmarks down by category in Tab.[9]for Qwen3.5-
9B family. As expected, VERVE-TRAIN improves these two categories: Rejection rises from 0.0
to 13.9 (plain) and 27.4 (OPSV), and Hallucination improves by 16.0 and 15.6 points. Notably, the
gains also extend to general capabilities. On GroundingME, Discriminative accuracy improves by
10.8 and 7.9 points and Spatial accuracy by 3.3 and 14.7 points. On VL-RewardBench, Reasoning
improves by 11.4 and 14.5 points and General by 12.7 and 12.2 points. Overall, VERVE-TRAIN does
more than teach the model to reject false premises; it strengthens the model’s visual understanding

more broadly.

D.5 QUALITATIVE RESULTS ON CROSS-TASK TRANSFER

Fig.[[T]shows examples from the cross-task benchmarks, none of which were specifically optimized in
our training. On MMStar, VERVE-9B reads the ruler correctly and answers 7 cm, while Qwen3.5-9B
and Vision-OPD-9B both answer 6. On ProbMed-1K, all three models detect pneumonia, but only
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Table 9: Per-category breakdown of GroundingME 2026a) and VL-RewardBench (Li et al.|
2025¢) for the Qwen3.5-9B family.

GroundingME VL-RewardBench
Model Discr. Spatial Limited Reject. All Halluc. Reason. General Overall Macro
Qwen3.5-9B 58.3 36.0 54.3 0.0 38.8 67.0 67.2 453 639 598

+Vision-OPD 593 340 427 00 349 717 741 547 699 668
+VERVE,, 69.1 393 597 139 464 830 786 580 783 732
+VERVE,,, 662 507 540 274 502 826 817 575 788 739

MMSTAR Question: Move the ruler to ProbMed Is pneumonia present in Is emphysema present in
measure the length of the line to the given chest x-ray? the given chest x-ray?
the nearest centimeter. The line Answer with yes or no. Answer with yes or no.
is about (_) centimeters long. GT: Yes GT: No

s B e B o 2
Oml 2.3 4 S 6 7 8 9 10 ) 4 m;c z m:Yes m :Yes
(B)5 sy :C V7 iYes Vi Yes
©)6 .
®7-6t VY D v :Yes Vv iNo
PerceptionRubrics Rubrics (Judged by GPT-0SS-1208) v A v
S = |3 . e response must describe the line in the first panel (leftmost) as diagonal
~, [ The resp describe the line in the first panel (left diagonal v x v
V
A B ¢ D or slanted, rather than vertical.

e The response must identify the solid marker in the fourth panel of the left x x X
group as a black diamond or rhombus.
. e The response must describe the arrows/lines in the fourth panel of the left v X v
group as pointing or extending toward the left.
The response must recognize that the graphics in the right panel are
obtained by the comp in the left panel.

“Describe this image in details.”
& :<caption>
\3;, : <Caption>
v :<Caption> o

VL-RewardBench

Question: What kind of sign is on the sidewalk? m . Answer 2
Answer 1: There is a street sign on the sidewalk. (GT) ‘; . Answer 2
Answer 2: There is a no skateboarding sign displayed on the sidewalk.

. o Vv :Answerl
Please evaluate both answers based on the following criteria:

1. Accuracy...

2. Completeness...

3. Clarity...

4. Relevance...

After your evaluation, provide an overall judgment on which answer is better

MMRB2

You are an expert in image editing quality analysis and AI evaluation. Your role is
to act as an objective judge for comparing two AI-generated image editing
responses to the same prompt. You will evaluate which response is better based on
a comprehensive rubric specifically designed for image editing tasks.

<limage_1|> .

Depict this toucan resting beside a waterfall in a lush jungle. ﬂ : Response B

[RESPONSE A:] |limage_2/> (GT) -
% :Response B

[RESPONSE B:]<|image_3|>
<limage_1|> <limage_2|> <limage_3|> V : Response A

GroundingME

Description: This is a four-door Description: The cabin is a Description:
sedan, primarily colored in two weathered wooden structure. The object is
shades of blue and white. A yellow The roof is covered in a thick | a boat with
sign is mounted on its white roof. layer of yellowish-green k the number
The car has black tires with silver moss, giving it a soft, "94" on its
wheels that have blue centers. organic appearance. ¥ | hull.
Description: The object is a Description: This object is a . .?::‘:'bﬂ’;g':s
rectangular window. Among those water slidg. The blue sections a small boat
windows in the top row, it is the are a medium, vibrant blue, the first one'
last one counting from the left. contrasting with the bright from the

white sections.

bottom.

': Gemini-3.7-Flash m: Vision-OPD-9B \/: VERVE-9B (Ours)

Figure 11: Qualitative results on cross-task transfer.

VERVE-9B correctly rejects emphysema, which is the same premise-checking behavior we see on
the hallucination benchmarks. On PerceptionRubrics, VERVE-9B satisfies three of the four rubric
items, matching the base model and beating Vision-OPD-9B, which fails on the two items about line
direction. On VL-RewardBench and MMRB2, both baselines prefer the wrong candidate. In the
VL-RewardBench case, they are drawn to the more specific but incorrect “no skateboarding sign”,
whereas VERVE-9B selects the answer that is actually supported by the image. On GroundingME,
the descriptions are long and rely on attributes and ordinal positions such as “the last window from
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the left” or “the first boat from the bottom”. The baselines often localize a plausible object of the right
category but the wrong instance, while VERVE-9B’s boxes overlap the ground truth more closely.
Across these tasks, the gain comes from the same habit: the model verifies each part of the query
against the image instead of committing to the first plausible match.

D.6 EXAMPLE REASONING TRACE

We show in Fig.[12]an illustrative example of the reasoning traces generated by our models compared
to other state-of-the-art open-source baselines on a VERVE-MCQ negative question. As demonstrated,
the visual prompt asks the model to identify a symbol on a ’bench,” introducing a false premise since
no such bench is present in the image. While baseline models (including Qwen3.5-9B, DeepEyesV2,
and Visio-nOPD) fail to detect this deception and incorrectly focus on a yellow square located on an
overhead sign, both our plain and verify models successfully identify the missing object and correctly
reject the premise.

D.7 ATTENTION ANALYSIS

Having analyzed the primary failure modes on VERVE-MCQ, we investigated an intriguing empirical
anomaly: perception-focused methods such as ZwZ (Wei et al.,[2026a) underperform their backbone
model, Qwen3-VL-8B (Bai et al.||2025a). Further error analysis reveals that ZwZ’s performance drop
stems predominantly from negative questions, where it exhibits severe discriminative hallucination.
To uncover the internal mechanisms behind this behavior, we analyze and compare the attention
allocation patterns of both models during reasoning. Specifically, we evaluate inference traces
on two benchmark subsets: positive questions and TARGET-OBJ negative questions. Using the
annotated target bounding boxes-which serve strictly as post-hoc ground truth coordinates and are
never provided to the model during inference-we measure the attention weight assigned by each
newly generated token to either the entire image token sequence or specifically to the target bounding
box tokens.

Quantifying Attention Allocation in Generation For a given instance, let I C P represent the
image tokens within the prompt sequence P, B C I denote the subset of image tokens whose spatial
coordinates fall within the target bounding box, and S = {0} designate the initial token serving

as the attention sink. For layer ¢, head h, and generation step ¢, let af’h be the query attention row
corresponding to the generated output token y;. The head-averaged attention mass directed to a
spatial region R is defined as:

H
1
mé(R) = ﬁz aglt. (6)

h=1 jER

Step t = 0 corresponds to the final prompt token emitting the first generated token (the prefill phase),
while steps ¢ > 1 represent the generated reasoning trace.

Given a temporal window of steps I and a subset of network layers L, we report two main metrics:

i ZteW mf([)
IL| vel Siew (mE(P) —mi(S))’

_ 1 > sew mi(B)
L] 2= S\c mi(D)

Whole-Image Attention: A, (W) =

)

Bounding-Box Concentration: Ay (W)

®)

Here, Ay quantifies the proportion of non-sink prompt attention allocated to image tokens. The
initial sink token S' is excluded from the denominator to prevent skewing, as over half of total prompt
attention routinely settles on S. Conversely, Ap,ox measures the relative fraction of image-bound
attention concentrated specifically within the target box, making it invariant to prompt length and
sink dynamics. Attention masses are aggregated across window W prior to division to prevent
steps with negligible visual attention from distorting the ratio. In practice, we evaluate middle-layer
representations across L = {13,...,24} (out of 36 layers) and compute mean metric trajectories
across deciles of the generated reasoning trace.
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Table 10: Results on hallucination benchmarks across two backbones, comparing our method
against existing hallucination-reduction approaches, with best and second-best scores marked per
column within each backbone. Benchmarks include FINER-CompreCap (Xiao et al., [2026), Re-
POPE (Neuhaus & Hein, [2025), DASH (Augustin et al.} 2025), HallusionBench (Guan et al., 2024),
AMBER Discriminative (Wang et al.}2023)), and HaloQuest (Wang et al., 2024)).

Method FINER. RePOPE DASH HallBench AMBER HaloQuest
Qwen2.5-VL-7B 54.5 92.4 81.7 43.3 86.9 75.0
+FINER-Tuning 59.2 92.8 82.3 46.5 87.5 80.8
+VERVE, ;i 63.0 93.5 83.5 43.9 87.4 84.2
+VERVE,,, 62.8 93.9 80.4 44.2 88.1 81.5
Qwen3-VL-8B 67.5 94.0 75.1 57.5 87.3 75.0
+FINER-Tuning 69.9 94.4 77.4 57.5 86.5 77.8
+VERVE ;i 70.5 94.7 84.2 62.1 87.5 85.8
+VERVE,,, 72.1 95.1 84.4 62.7 87.9 82.3

Findings: Fine-Grained Focus vs. Rigid Tunnel Vision Figure|l3|summarizes the attention pro-
files across models and question types. ZwZ exhibits significantly higher bounding-box concentration
(Appox) overall. This localized focus explains its strong performance on positive questions, which
inherently demand fine-grained visual grounding.

However, this localized bias becomes problematic for negative questions. When presented with
a premise involving an absent target object, ZwZ stubbornly concentrates its attention within the
designated box area (Appox = 0.187 on negatives vs. 0.152 for the base model). Moreover, ZwZ fails
to modulate its overall visual engagement when facing negative queries, maintaining nearly identical
whole-image attention (A, = 0.195 on negatives vs. 0.201 on positives).

In contrast, the baseline Qwen3-VL-8B dynamically expands its visual search when a premise
is false. It allocates a larger share of non-sink attention to the broader image (Ajm; = 0.238 on
negatives vs. 0.218 on positives) and distributes its attention more broadly across non-target regions.
Because verifying target absence requires exhaustive visual scanning over the whole canvas rather
than zooming into a single region, the base model’s flexible search behavior leads to far superior
verification accuracy.

Discussion These observations reveal a critical trade-off in visual reasoning design: while training
models to crop or concentrate heavily on localized visual details effectively boosts positive search
performance, it risks inducing a rigid “tunnel vision” effect. When presented with hallucinated
or absent targets, overly localized models struggle to disengage from candidate regions and fail to
execute global visual verification. Developing training objectives that dynamically balance localized
feature extraction with global image scanning remains a vital direction for robust visual search
architectures.

D.8 COMPARISON WITH DEDICATED HALLUCINATION REDUCTION METHOD

We compare VERVE with FINER-Tuning (Xiao et al.,|2026)), a state-of-the-art method specifically
designed for hallucination reduction, across six hallucination benchmarks. As shown in Table
while FINER-Tuning yields consistent gains over the baseline models, VERVE achieves further
performance improvements, outperforming FINER-Tuning by up to 7% on the DASH benchmark
using the Qwen3-VL-8B backbone. These results indicate that beyond mitigating the perception-
hallucination trade-off, VERVE-TRAIN provides robust hallucination suppression that compares
favorably with dedicated alignment techniques.

D.9 MORE RESULTS ON VERVE-MCQ

We provide more results on VERVE-MCAQ, including an analysis of whether prompt engineering
alone can close the gap (App.[D.9.1), the evaluation of more frontier and open models (App.[D.9.2),
a breakdown into positive and negative accuracy that motivates our choice of Accpairea (App.[D.9.3)),

and paired accuracy split by image source (App.[D.9.4).
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Table 11: Additional results on VERVE-MCQ (AccCpaireq)

TARGET 1-Hop 2-Hop

Model Avg. obj attr obj attr rel obj attr rel

Frontier Models
Gemini-3.5-Flash 30.1 429 36.6 25.7 23.0 178 214 13.5 152
Gemini-3-Flash ~ 23.2 37.3 25.7 20.1 164 109 16.7 9.5 10.6

Open Models

Qwen3-VL-235B 204 312 219 212 159 99 155 54 6.1
Qwen3-VL-32B  13.6 23.8 140 149 93 40 83 14 30
Qwen3.5-27B 23.7 36.2 293 21.6 16.8 109 143 95 6.1
Step3-VL-10B 182 263 239 156 115 109 7.1 95 O.l1

Table 12: Averaged positive and negative accu-  Table 13: Paired accuracy on VERVE-MCQ,
racy on VERVE-MCQ. Best and second-best per  overall and split by image source: ZoomBench

column within each backbone. (Zoom.) and TreeBench (Tree.).

Model Paired Pos. Neg. Model All Zoom. Tree.

Proprietary (API) Proprietary (API)

Gemini-3.7-Flash 41,5 642 69.5 Gemini-3.7-Flash 41.5 439 303

Qwen2.5-VL-7B 114 46.1 36.6 Qwen2.5-VL-7B 114 11.2 119
+TreeVGR 6.0 53.8 114 +TreeVGR 6.0 64 42
+VERVE, s 33.5 50.7 78.0 +VERVE, in 33.5 355 245
+VERVE,,, 40.8 54.8 80.6 +VERVE,,, 40.8 4.7 323

Qwen3-VL-8B 11.2 447 31.0 Qwen3-VL-8B 11.2 11.9 8.1
+ZwWZ 7.6 609 122 +ZwWZ 7.6 8.2 4.5
+VERVE,in 41.8 545 80.3 +VERVE,in 41.8 444 29.7
+VERVE,,, 42.2 539 81.1 +VERVE,,, 42.2 429 39.0

Qwen3.5-9B 20.1 56.0 40.5 Qwen3.5-9B 20.1 22.1 11.0
+Vision-OPD 156 642 273 +Vision-OPD  15.6 17.3 7.7
+VERVE i 49.7 59.8 88.6 +VERVE in ~ 49.7 52.8 355
+VERVE,, 55.3 639 90.5 +VERVE,, 55.3 594 36.1

D.9.1 PROMPT ENGINEERING OFFERS LIMITED GAINS

Can models perform well on VERVE-MCQ using better prompts? To test this, we evaluate a “Verify”
prompt (instructing caution regarding query premises) and a “Self-Decompose” prompt (decomposing
the query into sub-questions, similar to our OPSV training but test-time only). We provide the prompts
in App.[ll As shown in Fig.[T4] left, prompt steering generally improves paired accuracy. However, a
closer inspection reveals that most of these gains originate from improved performance on negative
queries (Fig.[T4] right), which actively results in a decrease in accuracy on positive queries (Fig. [14]
middle). For example, while prompting improves Qwen3.5-9B’s overall paired accuracy by 5.2%, this
is primarily driven by the model becoming overly skeptical and correctly rejecting negative queries, at
the direct expense of answering valid positive queries correctly. This fundamental trade-off highlights
the need for our VERVE-TRAIN, which robustly improves both positive and negative performance
simultaneously, confirming that prompting alone cannot resolve the core failure mode.

D.9.2 EVALUATION OF MORE FRONTIER MODELS

Apart from the frontier models in Tab. [I] we also evaluated a series of other frontier models. They
either include some older generations of proprietary models like Gemini-3-Flash (Google DeepMind,
2025)), Gemini-3.5-Flash (Google DeepMind, [2026a); Also we evaluate other open-sourced models
like Step3-VL-10B (Huang et al.,[2026a), Qwen3.5-27B (Team, [2026), Qwen3-VL-235B and Qwen3-
VL-32B (Bai et al., 2025a). The results are shown in Tab.
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Table 14: Effect of the annealing phase on the Qwen3.5-based VERVE OPSYV training mode on full
57k training set. Best and second-best.

Both Percep. Halluc.
. VERVE VERVE . HR Re
Variant MCQ Binary A" 8K POPE DASH
Qwen3.5-9B 20.1 73.2 832 80.5 94.0 70.5
+Ours w/o anneal 51.3 85.8 89.5 852 95.7 79.0
+Ours anneal 55.3 874 90.1 845 955 82.2

D.9.3 POSITIVE AND NEGATIVE ACCURACY

We select AcCpaireq as our primary metric for VERVE-MCQ, following the definition of verified visual
search: the model must search for the target when the query is valid, while correctly indicating its
absence when the query does not match the image.

For a detailed breakdown, we also report average positive and negative accuracy on VERVE-MCQ
in Tab.[I2] As shown in the table, previous state-of-the-art methods like Vision-OPD perform well
on positive questions but lag behind their base model on negative questions, dropping by 13.2%. In
contrast, our model improves negative question accuracy over its base model by 50%. This gain does
not stem from a negation bias: on positive questions, our approach still improves Qwen3.5-9B from
56.0% up to 63.9%.

These observations reinforce our choice of Accpaired as the main metric. While positive and negative
accuracies can fluctuate wildly, simple averages fail to reflect true performance stability. Paired
accuracy offers a stricter, more reliable benchmark for this setting.

D.9.4 PAIRED ACCURACY ACROSS IMAGE SOURCES

As described in App.[A.T] VERVE-MCQ comprises images sourced from ZoomBench (Wei et al.|
2026a)) and TreeBench (Wang et al., 2026a). We report average AccCpaireq across both subsets in
Tab. On both sources, VERVE-TRAIN yields substantial improvements. For instance, applying
our OPSV training mode improves Qwen3-VL-8B by 31.0% on ZoomBench samples and 30.9% on
TreeBench samples.

D.10 ADDITIONAL ABLATIONS

Annealing the coverage reward for Qwen3.5-9B When training Qwen3.5-9B in OPSV mode,
we noticed that due to the strong competence of the base model, it picks up the self-verification
format very quickly: its coverage reward ), reaches about 0.86 within the first 40 steps and stays
flat afterwards. Once Ry, is nearly the same for all K samples of a prompt, it no longer separates
good from bad responses in the GRPO advantage, so the remaining signal comes from R, alone, but
the (1 — «) share of the reward is still spent on restating checks. We therefore treat the verification
terms as a scaffold and retire them once they are learned. Let s be the training step and [sg, s1] an
annealing window. We define a ramp

7(s) = min(1, max(0, 2=52)), )

7 s1—So0

and replace the constants in Eq. (3 by step-dependent values
a(s) =a+ (1 —a)7(s), wy(s) =wy (1—7’(3)). (10)

Before s, the reward is exactly Eq. (5). Between 5o and s; the coverage bonus and the format reward
fade out linearly. After s; we have a(s) = 1 and ws(s) = 0, so R = R, and the model is trained on
correctness only, while still prompted and answering in the verify format. Nothing else changes: the
matcher, the gating on R, and the format check are the same throughout. For Qwen3.5-9B we use
s0 = 40 and s; = 80 out of 150 steps, leaving about 70 correctness-only steps. The Qwen2.5-VL
and Qwen3-VL verify models are trained without annealing (so = s1, which reduces to Eq. (3)),
because they never exhibit early saturation on coverage reward during training. Tab.|14|compares
the two Qwen3.5-9B training (with and without annealing). Annealing helps most on the paired
metrics of VERVE-MCQ and VERVE-BINARY, as well as on DASH, and is at the same level as
the non-annealing baseline on the remaining columns.
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Table 15: Human performance on VERVE-MCQ (50 twin pairs, 4 evaluators). Average: mean over
all four cross-evaluator pairings. Upper bound: union of two evaluators per test half.

Paired Acc. Pos. Acc. Neg. Acc.

Average 70.5 81.0 86.0
Upper bound 94.0 96.0 98.0

E HUMAN STUDY

Given the difficulty of the benchmark (high-res images, small target, negative questions), one human
is not able to answer all our benchmark questions. To establish a human reference point, we conduct
a controlled study on VERVE-MCQ. We randomly sample 50 pairs of MCQs (100 questions total),
stratified proportionally to the benchmark’s category distribution. Each pair consists of a positive
(answerable) question and its false-premise negative counterpart.

Since a participant who sees both halves of a pair could use their memory of one to infer the answer to
the other, we split the 50 pairs across two non-overlapping tests. For each pair, one half is randomly
assigned to Test A and the other to Test B, yielding two balanced sets of 50 questions (25 positive,
25 negative each). Four evaluators participate: two independently take Test A and two take Test B.
Participants see the full-resolution photograph and five answer options-the same information available
to models. No bounding boxes, object categories, or indications of whether a question contains a
false premise are shown.

Because no single participant sees both halves of any pair, we compute paired accuracy by combining
each Test A evaluator with each Test B evaluator, yielding four cross-evaluator combinations. We
report their mean as the primary human paired accuracy metric for model comparison. As an upper
bound, we also compute paired accuracy on the union of the two evaluators per test, counting a
question as correct if either evaluator answered it correctly. Unlike models, human performance
varies across individuals due to oversight or task difficulty; this upper bound reveals the proportion
of questions that are human-solvable. Tab. summarizes the results, and Fig. shows the User
Interface (UI) for our human evaluation. As shown in Tab.[I5] humans achieve an average paired
accuracy of 70.5%. In practice, we notice that human participants usually make mistakes due to
oversight. We therefore anticipate that given ample time and effort, human performance could be
further improved.

F PROMPT FOR TRAINING

Default Prompt - plain mode

A conversation between User and Assistant. The user asks a question, and the Assistant solves
it. The assistant first thinks about the reasoning process in the mind and then provides the user
with the answer. The answer is enclosed within <answer> </answer> tags, respectively, i.e.,
reasoning process here <answer> answer here </answer>

Self-verification Prompt - OPSV mode

First verify every claim the question body relies on against the image. Write each check and
its verdict as <check> a short yes/no question here </check><verdict> yes or no </verdict>
followed by one sentence of visual evidence. Then think about the reasoning process step by step
in your mind, and give your final answer from the given choices, i.e. <answer> answer here
</answer>

G PROMPT FOR INFERENCE
For baseline methods and our VERVE models trained in plain mode, we adopt the standard default

system prompt following ZwZ (Wei et al.,[2026a). For VERVE models trained in OPSV mode, the
architecture supports dual-mode inference using either the default system prompt or the dedicated
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self-verification prompt. We evaluate the self-verification prompt on our VERVE-MCQ and VERVE-
BINARY benchmarks.

Default Prompt

You are a helpful assistant. The assistant first thinks about the reasoning process in the mind and
then provides the user with the answer. The answer are enclosed within <answer> </answer>
tags, respectively, i.e., reasoning process here <answer> answer here </answer>

Self-verification Prompt

First verify every claim the question body relies on against the image. Write each check and
its verdict as <check> a short yes/no question here </check><verdict> yes or no </verdict>
followed by one sentence of visual evidence. Then think about the reasoning process step by step
in your mind, and give your final answer, i.e. <answer> answer here </answer>

H PROMPT FOR BENCHMARK CONSTRUCTION

Prompt for Extracting Referring Chains

You are a careful parser for visual grounding WHAT/WHICH questions.

Return two fields:

1. num_ref_obj: number of reference objects used to locate/describe the needle object.

2. pos_dict: queried_aspect, pos_needle_obj, pos_needle_attr, and references.

Task definition:

- The question asks about a target/needle object or entity in an image.

- It may ask about color, shape, material, surface finish, text, name, object identity, item type,
activity, action, or state.

- First identify the queried aspect/property.

- Then identify the needle object/entity whose property, identity, or action is being asked.

- Then identify explicit spatial/action relations from the needle object to distinct reference objects.
- num_ref_objequals the number of such reference objects.

Extraction rules:

- Copy original words/characters. Do not paraphrase, rewrite, singularize, pluralize, or invent.

- Object fields should keep compound nouns together, e.g. ’traffic light’, "license plate’, "belt
buckle’.

- Ordinary modifiers go into attr.

- Possessive/part-whole phrases using “of” or stay inside the object phrase when they define
the object, e.g. "person’s jacket”, "window of the building”, ’door of the boat”.

- Do NOT count generic ’of” or possessive ~’s” as relations.

- Do NOT split ownership/part-whole phrases into reference objects.

- Count only explicit spatial/action relations connecting distinct objects, e.g. on, in, under, behind,
in front of, attached to, holding, wearing, worn by, placed on, located in, positioned in, next to,
beside, above, beneath.

- Ignore generic references to the image itself, e.g. ’in the picture’, ’in the image’, ’on the left side
of the picture’, unless no other grounding information exists.

Critical distinction:

- If a relation only connects the queried aspect/property to the needle object, ignore it.

Example: in "What text is written on the man’s blue cap?’, on’ only connects text to cap, so
num_ref_obj = 0.

- If a relation is part of locating/describing the needle object, count it.

Example: in What color is the cup on the table?’, ’on the table’ locates the cup, so
num ref obj = 1.

Examples:

Question: What text is written on the man’s blue cap?

Output:

num_ref_obj =0

pos_dict= { queried_aspect: ’text’, pos_needle_obj: ’cap’, pos_needle_attr: “man’s

999 9
S
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blue”, references: [] }
Return only the structured fields.

Prompt for Proposing Negative Edits

You are helping construct false-premise visual questions.

You will see an image, the original positive WHAT/WHICH question, and its parsed positive
dictionary.

Your job is to rewrite the dictionary so that the new dictionary describes something false or
clearly unsupported by the image content.

Input fields:

- question_body: the original positive question.

- pos_dict: parsed positive dictionary.

- source_options and correct_answer are provided only for visual context.

Output field:
- neg_dict: same structure as pos_dict, but with false-premise content.

Core rules:

- Keep queried_aspect unchanged in neg_dict.

- Modify pos_needle_obj, pos_.needle_attr, and all fields inside references.

- Construct strong, unambiguous, visually challenging negatives. Do not copy or preserve the
positive target content.

-Ifafieldin pos_dictis ' -1’, you are allowed to create an active negative object, attribute, or
relation for neg_dict.

- The proposed negatives must NOT be visible or supported anywhere in the image content.

- If a field is hard to negate safely without accidental matches, output * —1 for that specific field.
- Prefer clear, concrete visual flips (e.g., blue — red, roof — ground, on — under, boat — car).
- Avoid weak, trivial, or ambiguous variations.

- Keep phrasing short, concise, and natural.

Structural rules:

- Preserve the exact reference order from pos_dict.

-Inneg_dict, references must be a list in the identical order as the positive references.

- If pos_dict has no references, neg_dict must also have references: 1.

- Field name compatibility note: pos_needle_obj and pos_needle_attr are retained as
keys in neg_dict, but must contain the NEGATIVE object and NEGATIVE attribute values
respectively.

Examples:

Question: What is the primary material used for the white bench next to the tree?

Input pos_dict:

{ queried_aspect: “material’, pos_needle_obj: "bench’, pos_needle_attr: *white’, references: [ {rel:
‘next to’, obj: 'tree’, attr: *-1"} ] }

Output neg_dict:

{ queried_aspect: “material’, pos_needle_obj: *metal table’, pos_needle_attr: *black’, references: [
{rel: under’, obj: "umbrella’, attr: ‘red’} ] }

Now process this sample.
question_body: {question_body }
source_options: {source_options}
correct_answer: {correct_answer }
positive_reference_order: {pos_ref_keys}
pos_dict: {pos_dict}

Return only the structured neg_dict.
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I PROMPT FOR TEST-TIME STEERING

Prompt steering - verify

You are a careful visual question answering assistant.

Given one image and one question asking about a target in the image. You must carefully follow
the question, search for the target, and inspect all visual conditions mentioned in the question.
When the question mentions a target object, attribute, relation, location, number, text, or other
visual condition, explicitly verify that visual condition against the image before concluding.
The assistant first thinks about the reasoning process in the mind and then provides the user with
the answer. The answer is enclosed within <answer> </answer> tags, i.e., reasoning process
here <answer> answer here </answer>.

Prompts steering - self-decompose

You will be given an image and a multiple-choice question about that image. Before choosing an
answer, you must perform the following steps:

Step 1. Decompose the question stem into a list of simple yes/no verification sub-questions. Write
them under the heading “Sub-questions:”.

Step 2. Inspect the image and answer each sub-question in order. Write them under the heading
“Sub-answers:”. For each item, write “yes”, “no”, or “unclear”, followed by a short justification
grounded in what you actually see in the image.

Step 3. Use your sub-answers to reason about which multiple-choice option best fits the image
and the question.

Step 4. Output the chosen option letter inside <answer> </answer> tags, e.g. <answer> A
</answer>.

Rules for the Sub-questions list:

* Cover every object the question stem mentions with an existence check, e.g. “Is there a
X7

» Cover every descriptive attribute the question stem attaches to an object, with an attribute
check, e.g. “Is the X red?”. Descriptive attributes include color, size, material, shape,
count, specific text content, visual pattern, age or state, etc.

» Cover every spatial or relational phrase the question stem uses, with a relation check,
e.g. “Is the X behind the Y?”. Relations include positional ones, interactional ones, etc.

* Decompose only the question stem itself. Ignore the multiple-choice options when
writing sub-questions.

The following are examples that illustrate ONLY how to break a question stem into sub-questions.
They are NOT real questions about the image you are given - they intentionally omit sub-answers,
reasoning, and final answers, because those must come from inspecting your actual image.
Example A

Question stem: “What is the color of the small dog next to the bicycle?”

Sub-questions:

1. Is there a dog?

2. Is the dog small?

3. Is there a bicycle?

4. TIs the dog next to the bicycle?

Example B
Question stem: “What symbol is visible on the green tram’s front, to the left of the number 82757
Sub-questions:

1. Is there a tram?

2. Is the tram green?

3. Is there a number 8275 on the tram’s front?

4. Is there a symbol to the left of the number 82757
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Example C
Question stem: “How many red apples are on the wooden table?”’
Sub-questions:

1. Is there a wooden table?
2. Are there apples on the table?
3. Are the apples red?

Now look closely at the image and answer the following question by following Steps 1-4 above.
Question: {}
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Qwen3.5-9B:

Looking at the image, there is a yellow square on the
black sign that says "Domestic Arrivals” in English and
Thai. Inside that yellow square is a symbol of an airplane
with wheels down, indicating landing.

<answer> C </answer>

The model didn’t mention the “bench” at all.

VisionOPD:

The image shows a sign with the text “Domestic Arrivals”
and Thai/Chinese translations. To the left of the text,
there is a yellow square containing a black silhouette of
an airplane on a runway, which clearly depicts an
airplane landing.

This matches option C: **an airplane landing**.

<answer>C</answer>

> : « »

Ours (Plain):

Looking at the image:

- There is no "bench” in the question context — the
yellow square appears on a sign that says “Domestic
Arrivals” with an airplane symbol inside it.

- The question asks about a symbol inside a yellow
square on the bench — but there's no bench visible in the
image; instead, there are chairs or seating areas along
the wall, and a prominent yellow square is part of the
overhead sign for domestic arrivals.

- Furthermore, looking closely at the image: the yellow
square is actually located on the black hanging
signboard labeled "Domestic Arrivals”, not on any bench.
Inside the yellow square is an icon of an airplane
(landing or taking off).

However, the user asked: What symbol is shown inside
the yellow square on the bench? There is no bench
visible in this image. Therefore, the premise of the
question is incorrect — there’s no yellow square on a
bench. So option E ("there is no such symbol") fits best
because the location mentioned (“on the bench”) does
not exist in the image.

The only yellow square present is on the overhead sign —
containing an airplane symbol. But since the question
specifically mentions “on the bench”, which doesn't exist
— answer should be E.

<answer> E </answer>

Our plain model instantly recognized there’s no bench.

Domestic Arrivals | & ABE

What symbol is shown inside the yellow square on the bench?
A. a checkmark

B. a person walking

C. an airplane landing

D. a suitcase

E. there is no such symbol

DeepEyesV2:

<think>The image shows a sign with a yellow square containing an icon.
Let's examine the options:

- A. a checkmark: Not present.

- B. a person walking: Not present.

- C. an airplane landing: The icon looks like an airplane, which would
represent an airplane landing or flight.

- D. a suitcase: Not present.

- E. there is no such symbol: Clearly, there is a symbol.</think>
<code>"""python

import matplotlib.pyplot as plt

# Define the crop box for the yellow square and its icon ( approximate
coordinates )

# X, y, width, height

crop_box = (1380, 440, 1450, 510)

# Crop the image to focus on the yellow square and its icon
cropped_image = image_l.crop(crop_box)

# Display the cropped image

plt.imshow(cropped_image)" " “</code><think>The cropped image
focuses on the yellow square and its icon. From the original image and
the crop, the icon inside the yellow square is clearly an airplane.
Therefore, the correct answer is C.</think>

<answer>C. an airplane landing</answer>

The model didn’t mention the “bench” at all.

Ours (OPSV):

<check> Is there a bench in the image? </check>

<verdict> no </verdict>

There are chairs and seating areas, but no specific bench is visible.

<check> Is there a yellow square in the image? </check>
<verdict> yes </verdict>

There is a yellow square with an airplane symbol on the hanging
sign for "Domestic Arrivals".

<check> Is there a symbol inside the yellow square? </check>
<verdict> yes </verdict>
The symbol is an icon of an airplane.

<check> Is the symbol inside the yellow square on the bench?
</check>

<verdict> no </verdict>

The yellow square is located on a directional sign above the floor,
not on a bench.

<check> Can the symbol be identified as an airplane landing?
</check>

<verdict> yes </verdict>

The symbol depicts an airplane, consistent with airport signage.

Since there is no bench in the image, the premise that there is a
symbol *on* a bench within a yellow square is false. Therefore,
"there is no such symbol” (in the context of being on a bench) is the
correct choice based on the visual facts.

<answer> E </answer>

>

veri iz
self-verification questions and answer them correctly.

Figure 12: Thinking traces of our models versus the other open-source models on a VERVE-MCQ
negative question. Our models, both plain and OPSV, successfully rejected the false premise, while

the other SOTA models fail to detect it.
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Test Image Bounding box (Bbox) m
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Figure 13: Attention dynamics on positive and negative questions in VERVE-MCQ. Top: A repre-
sentative test image alongside paired positive and negative queries, where bounding boxes delineate
ground-truth region B. Bottom: Temporal progression of whole-image attention Ajne (') and
bounding-box concentration Appex (W) from prefill across reasoning deciles for Qwen3-VL-8B
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Figure 14: Effect of different prompts on VERVE-MCQ for Qwen2.5-VL-7B, Qwen3-VL-8B and
Qwen3.5-9B. Left: paired accuracy. Middle: accuracy on positive queries. Right: accuracy on
negative queries.
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Question 2 /50 0 answered test_A finish

What is the color of the gloves worn by the person in the image?

[@ A there is no such gloves ]

D B khaki
2 C blue
O D white

O E green

- Back

All questions

Figure 15: Example for human evaluation Ul
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