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Abstract. Multimodal large language models (MLLMs) have become
the dominant paradigm for chart understanding, yet they suffer from a
critical vulnerability: sycophancy. When users embed false premises in
queries about charts, models override visual evidence to comply with the
user’s misconception. Existing mitigations incur a severe safety-utility
trade-off : suppressing sycophantic compliance inevitably triggers over-
refusal of valid queries, degrading general performance. To address this
challenge, we introduce Re-Check, a training-free inference framework
that follows a “Verify-then-Answer” workflow: it first decomposes user
queries into atomic claims, then verifies each claim against the chart
image, and finally routes the generation through an adaptive three-
way mechanism. To ensure verification reliability, we propose the Con-
trastive Visual Dependency Score (CVDS), an information-theoretic
metric that measures the KL divergence between the model’s predic-
tions with and without visual input, filtering out textual-bias-driven
misjudgments. Through extensive experiments on diverse benchmarks,
Re-Check improves overall accuracy by 15.01% (from 57.49% to 72.50%
with Qwen3-VL-8B) on sycophancy scenarios, while maintaining compet-
itive performance on general benchmarks such as ChartQAPro. These
results demonstrate a superior safety-utility trade-off. Code is available
at: https://github.com/X1Wang/ReCheck-code.

Keywords: Hallucination - Sycophancy Mitigation - Multimodal Large
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1 Introduction

Precise interpretation of chart data is the cornerstone of decision-making in fi-
nancial and scientific domains. As chart analysis increasingly relies on automated
systems, Multimodal Large Language Models (MLLMs) have emerged as the
dominant paradigm for chart understanding [18}{19}|27]. However, recent studies
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Fig.1: Sycophancy in chart understanding and the Re-Check correction.
A user’s query embeds a false premise about a confusion matrix. The baseline syco-
phantically agrees with the incorrect claim, while Re-Check decomposes the query into
atomic claims, verifies them against visual evidence, and generates a factually corrected
response.

reveal a critical vulnerability: sycophancy. When users embed false premises in
their queries—such as asking “Why is the red line increasing?” when it is actually
declining—models often prioritize instruction following over visual faithfulness,
fabricating explanations to align with the user’s misconception [22}[28]. Unlike
general systematic hallucinations, sycophancy is driven by the model’s intrinsic
tendency to “please” user, compromising reliability in automated chart analysis
systems where objectivity is paramount . This vulnerability introduces
severe real-world risks, particularly in scenarios where authentic charts are sub-
jectively framed with misleading textual interpretations to propagate misinfor-
mation . As MLLMs increasingly serve as information retrieval hubs, blindly
complying with such misleading framings would inadvertently amplify misinfor-
mation, underscoring the urgent need for a factual verification mechanism.

Addressing sycophancy presents a fundamental dilemma known as the Safety-
Utility Trade-off . Naively suppressing sycophancy leads to over-refusal—
a “stubbornness” trade-off where the model indiscriminately rejects both adver-
sarial and valid queries , degrading performance on standard benchmarks .
Therefore, an effective solution must selectively correct only demonstrably false
premises while leaving valid queries untouched.

Two related lines of work can be adapted to this setting, yet neither ad-
equately addresses the problem. Text-only verification-chain methods such as
CoVe [3| and Wu et al. demonstrate that decoupled, multi-stage verification
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can reduce hallucinations by isolating the checking context from generation.
However, these methods rely solely on the model’s internal knowledge as the
verification source, which is insufficient for multimodal sycophancy where the
conflict lies between textual premises and external visual evidence. Meanwhile,
training-free hallucination mitigation methods such as VCD [10], OPERA |g],
and M3ID [5] suppress textual bias by contrasting predictions under different vi-
sual conditions or penalizing attention patterns during decoding. While effective
for object-level hallucinations, chart sycophancy involves subtle logical contra-
dictions (e.g., a trend line exists but its direction is described wrongly) rather
than fabricated visual content, and these token-level decoding interventions can-
not distinguish whether the model’s agreement with a false premise stems from
genuine visual observation or from textual compliance. The key insight is that ef-
fective sycophancy mitigation requires claim-level verification anchored in visual
evidence, combined with a principled criterion to assess whether each verification
judgment is truly visually grounded.

To this end, we introduce Re-Check, a training-free inference framework
that addresses both challenges. Following a “Verify-then-Answer” principle |3}
29|, Re-Check first decomposes the user’s query into atomic claims using the
VLM’s language model branch without visual input, faithfully preserving the
user’s original premises. Each claim is then verified against the chart image,
and an adaptive three-way routing mechanism corrects the user only when a
premise is demonstrably false while passing valid queries untouched—directly
addressing the safety-utility trade-off. Central to the verification stage is the
proposed Contrastive Visual Dependency Score (CVDS), an information-
theoretic metric that measures the KL divergence between the model’s prediction
distributions with and without visual input: Dk, (P(s | ¢,I) || P(s | ¢)). A high
CVDS confirms that the model’s refutation is strongly driven by the image
(genuine visual grounding); while a low CVDS exposes reliance on textual bias,
in which case the judgment is downgraded to prevent unreliable corrections.
This mechanism provides a principled criterion for filtering out textually biased
verifications and ensures that the model only refutes a user’s premise when it
has genuinely observed the contradiction.

Our contributions are summarized as follows:

— We introduce Re-Check, a training-free inference framework that mitigates
sycophancy by decomposing queries into atomic claims, performing vision-
grounded verification with CVDS, and adaptively routing the generation
process.

— We propose Contrastive Visual Dependency Score (CVDS), a novel
information-theoretic metric to quantify the causal contribution of visual
evidence to the model’s verification decisions, thereby distinguishing visually
grounded reasoning from textual-bias-driven misjudgments.

— We conduct extensive experiments on sycophancy and general chart under-
standing benchmarks. Ablation studies reveal the contribution of each com-
ponent, and sensitivity analyses characterize the behavior of CVDS under
varying thresholds, providing practical guidance for deployment.
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2 Related Work

2.1 Multimodal Chart Understanding

The capability of Multimodal Large Language Models (MLLMs) to interpret
data visualizations has progressed significantly. Early benchmarks like ChartQA [18]
established foundations for chart question answering, while modality-conversion
approaches such as DePlot |14] demonstrated that translating charts into struc-
tured tables enables effective reasoning with LLMs. Subsequent instruction-
tuning efforts [20] and specialized architectures [30] have broadened coverage
to diverse chart types and tasks. More recently, evaluations have shifted to-
ward complex, realistic scenarios: CharXiv |27] and ChartQAPro [19] challenge
models with scientific figures, multi-chart reasoning, and intricate logical depen-
dencies, while fine-grained probes such as EncQA [21] reveal persistent weak-
nesses in specific visual encodings. Comprehensive analyses further confirm that
even state-of-the-art models struggle with nuanced chart comprehension tasks
involving fact-checking and summarization [6/9]. Despite these advances, current
evaluations predominantly assume honest user intent, overlooking the model’s
robustness against misleading instructions. The ChartHal benchmark [26] ad-
dresses this gap by systematically evaluating sycophancy and hallucination un-
der adversarial chart queries, yet it focuses on diagnosis rather than mitigation.
Our work builds upon this foundation, ensuring chart understanding remains
grounded in visual evidence even under adversarial user guidance.

2.2 Hallucination Mitigation in MLLMs

Hallucination remains a persistent challenge in MLLMs [2}/16}23|. Mitigation
strategies generally fall into two categories: training-based and training-free.
Training-based methods, such as LRV-Instruction [15] and HA-DPO |[33], align
models using robust negative data but require expensive retraining and often de-
grade general expressiveness. Training-free approaches typically manipulate de-
coding dynamics. Visual Contrastive Decoding (VCD) |10] suppresses language
priors by contrasting predictions against distorted visual inputs, OPERA [§|
penalizes attention over-trust on summary tokens, and M3ID |[5| dynamically
amplifies visual signals through mutual-information-based decoding. Visual De-
scription Grounding (VDGD) [7] bridges the visual perception gap by grounding
generation in image descriptions via KL-divergence-guided sampling. Evaluation
benchmarks such as POPE [12| have standardized object hallucination assess-
ment through polling-based probes. However, these methods and metrics are
predominantly tailored for object existence in natural images (e.g., preventing
hallucination of a non-existent cat). They struggle with chart sycophancy, where
the visual element exists but its attribute contradicts the user’s false premise.
Re-Check differs by measuring the causal contribution of visual evidence through
claim-level contrastive distribution analysis rather than token-level decoding in-
tervention. Post-hoc correction methods like Woodpecker [31] and CoVe [3] em-
ploy multi-stage verification. While effective, Woodpecker relies on external vi-
sion experts (e.g., detection models) that ill-fit abstract chart elements, whereas
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Re-Check leverages the MLLM’s own output logits under contrastive visual con-
ditions for self-verification.

2.3 Sycophancy in Large Models

Sycophancy—the tendency of models to agree with users’ erroneous views—is
a well-documented alignment failure, often attributed to RLHF training dy-
namics where human evaluators inadvertently reward agreeable over truthful
responses [22,[28]. Comprehensive surveys [17] have systematized its causes and
mitigations, while mechanistic analyses |24] reveal that sycophancy manifests
as late-layer preference shifts in the model’s internal representations, suggest-
ing that the phenomenon is deeply embedded rather than superficial. In the
multimodal domain, this vulnerability is exacerbated by the dominance of tex-
tual instructions over visual signals. Recent studies [41|11,/32] reveal that VLMs
frequently ignore visual evidence to comply with user biases, even when the ev-
idence is unambiguous. While inference-time interventions exist [32], they often
incur a stubbornness trade-off, where suppressing sycophancy leads to the rejec-
tion of valid corrections or normal queries (over-refusal) [11,/26]. In the text-only
domain, verification-chain approaches such as CoVe [3] and Wu et al. [29] demon-
strate that factored and multi-stage verification can reduce hallucinations by iso-
lating the verification context from the generation context. However, these meth-
ods rely on the model’s internal knowledge as the sole verification source, which
is insufficient for multimodal sycophancy where conflicts arise between textual
premises and external visual evidence. Re-Check extends this verification-chain
paradigm to the multimodal domain, replacing knowledge-based verification with
vision-grounded verification anchored by an information-theoretic dependency
measure, thereby mitigating sycophancy without compromising standard task
performance.

3 Method

We introduce Re-Check, a training-free inference framework designed to de-
couple the logical validation of user premises from the generation of responses.
As illustrated in Fig. our approach operates in three distinct stages: (1)
Atomic Claim Decomposition, which isolates factual claims from user in-
tent; (2) Vision-Grounded Verification with Contrastive Visual De-
pendency Score (CVDS), which assesses the truthfulness and reliability of
these claims through contrastive visual analysis; and (3) Adaptive Three-way
Routing, which dynamically selects among correction, standard generation, and
uncertainty-aware reasoning paths.

3.1 Problem Formulation

Let I denote a chart image and @ be a user query. In the context of sycophancy,
@ often contains an embedded premise P, that may contradict the visual facts
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Fig.2: Overview of the Re-Check framework. The pipeline comprises three
stages: (1) Blind Decomposition extracts atomic claims from the query without visual
input; (2) Vision-Grounded Verification assesses each claim and then applies CVDS
re-calibration to filter textually biased refutations; (3) Adaptive Three-way Routing
directs the query to the appropriate generation path based on verification results.

in 1. Standard Multimodal Large Language Models (MLLMs) aim to maximize
the likelihood of the response R:

R* = argmax P(R | I,Q) (1)
R

When P, is false (e.g., stating “the red line is increasing” when it is decreasing),
maximizing this likelihood often leads to sycophancy, where the model aligns R
with Pyser due to instruction-following bias and disregarding I. Our goal is to
introduce a verification function V(I, Pyser) that intervenes before generation.
The system should produce a correction Repprect if Pyser is falsified by I with
high confidence, and a standard response Rg;q otherwise.

3.2 Stage 1: Atomic Claim Decomposition

Directly verifying complex queries introduces noise, as the model may conflate
the user’s question with their stated premises. To address this, we employ a
“Blind Decomposition” strategy. We utilize the textual reasoning capability of
the VLM’s language model branch (without visual input) to parse the query @
into a set of atomic and verifiable claims C = {¢1, ¢, . .., cn }, without access to
the image I. This ensures that the claims C purely reflect the user’s intent and
logical presuppositions, strictly decoupling them from visual perception.

Rationale for Text-Only Decomposition. A critical design choice is to
exclude visual input during decomposition. Formally, we compute C = fr,um(Q)
rather than C = fyLm (@, I). If the image I is accessible during decomposition,
the model may unconsciously align extracted claims with visual content, thereby
ignoring false premises before they can be detected. Withholding I ensures that
C faithfully preserves the user’s original premises for subsequent verification.
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3.3 Stage 2: Vision-Grounded Verification with CVDS

This stage determines the validity and reliability of each claim ¢; € C. A naive
approach would simply ask the MLLM to predict “True” or “False”. However,
MLLMs are susceptible to textual bias: the model may judge a claim as FALSE
not because it genuinely observed a contradiction in the image, but because
textual priors or linguistic patterns suggest it is unlikely. To address this funda-
mental limitation, we propose a two-phase verification process anchored by our
novel Contrastive Visual Dependency Score (CVDS).

Phase 1: Initial Batch Verification. We first employ the VLM M, to
perform a rapid batch verification of all claims. For each claim ¢;, the model is
prompted to classify it into one of three states:

8; = Mypm.verify(c;, I), s; € S = {TRUE, FALSE, UNCERTAIN} (2)

This initial pass efficiently identifies clearly true claims and flags potentially
problematic ones for deeper analysis.

Phase 2: CVDS Re-calibration. The initial verification may produce un-
reliable FALSE judgments driven by textual bias rather than visual evidence.
CVDS is designed to detect and correct such cases by quantifying the causal
contribution of the visual input to each verification decision.

Contrastive Probing. For each claim initially judged as FALSE, we per-
form two forward passes through the model to obtain output logit distributions
over the state space S:

— With-image distribution: Py,.(s) £ P(s | ¢;,I), obtained by standard
inference with both the claim and the chart image.

— Without-image distribution: P (s) £ P(s | ¢;), obtained by inference
with only the claim text, excluding the image.

Both distributions are derived from the model’s output logits at the verification
token position via softmax normalization.

CVDS Definition and Information-Theoretic Foundation. We define the
Contrastive Visual Dependency Score as the KL divergence from the with-image
distribution to the text-only distribution:

P(s|e¢i,I)

CVDS(¢;) = Dkr(Ping || Prext) = ZP(S | ¢i, 1) log P(s | c)

SES

(3)

This formulation has a rigorous information-theoretic interpretation: the KL
divergence measures the additional information that the visual input I provides
to the model’s verification decision beyond what is available from text alone,
effectively approximating the conditional mutual information I(S;7 | C) (see
Appendix B.1 for the full derivation).



8 X. Wang, Z. Lin et al.

Algorithm 1 Re-Check Inference Framework

Require: Image I, Query @, VLM M, Threshold 7
Ensure: Response R
: C « M.decompose(Q)
: for all ¢; € C do
s; < M.verify(c;, I)
if s; = FALSE then
CVDSZ = DKL(P(S|CZ‘, I)HP(S|C1))
§; < UNCERTAIN if CVDS; < 7 else FALSE
else
§; + S;
9:  end if
10: end for
11: Route A: if 3¢ : §; = FALSE then R < M.correct(Q, I, {c;: §;=FALSE})
12: Route B: if Vi : §; = TRUE then R < M.generate(Q, I)
13: Route C: otherwise R < M.cautious(Q, I)
14: return R

B SIR A

Adaptive Downgrade Rule. Based on the CVDS score, we apply the following
calibration rule to claims initially judged as FALSE:

S; =

(4)

FALSE if s; = FALSEA CVDS(¢;) > 7
UNCERTAIN if s; = FALSEA CVDS(¢;) < 7

where 7 is a threshold hyperparameter. The physical meaning is clear:

— High CVDS + FALSE: The model’s refutation is strongly driven by visual
evidence — it genuinely “saw” the contradiction. The FALSE judgment is
retained.

— Low CVDS + FALSE: The model produces similar refutation regardless
of visual input — it is “guessing” based on textual priors. The judgment is
downgraded to UNCERTAIN to prevent unreliable corrections.

3.4 Stage 3: Adaptive Three-way Routing and Correction

Based on the recalibrated verification results {(c;, $;)}, Re-Check dynamically
routes the query to the appropriate generation path. This adaptive mechanism
is crucial for preserving utility on normal queries while effectively correcting
sycophantic responses.

Route A: Sycophancy Correction. If any claim ¢; retains its FALSE
status after CVDS recalibration (i.e., §; = FALSE with high visual dependency),
the system identifies a visually confirmed conflict between the user’s premise and
the chart content. We generate a correction response by explicitly referencing
the falsified claim and the visual evidence that contradicts it.
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Route B: Standard Generation. If all claims are verified as TRUE, the
system treats the query as factually valid. The base MLLM generates the an-
swer directly using the original query @, without any modification or additional
prompting, ensuring no interference with normal interactions.

Route C: Uncertainty-Aware Reasoning. If the verification results con-
tain UNCERTAIN claims (either from initial verification or from CVDS down-
grade) but no confirmed FALSE claims, the system adopts a cautious stance.
Rather than rejecting the query outright, the model is guided to attend more
closely to the visual content and verify each assertion during generation, without
forcing explicit refutation.

Routing Mechanism Details. All three routes condition on the original
image-query pair (I, @), but they differ in how the recalibrated claims are used.
Routes A and B rely on the verified TRUE/FALSE claims as the primary control
signal: Route A triggers correction when a claim remains FALSE, whereas Route
B proceeds with standard generation when all claims are TRUE. In contrast,
Route C keeps (I, Q) as the main input while treating the claim set as external
references, providing a buffer for samples that remain noisy or ambiguous after
the claim decomposition and binary verification stages. This design is important
because decoupling text from vision in Stages 1 and 2 introduces uncertainty;
forcing such cases into a hard A /B decision can lead to misclassification, whereas
Route C acts as a necessary buffer for re-verifying noisy samples.

The routing decision can be formalized as:

A if3Ji:38; =FALSE
Route = ¢ B if Vi: §; = TRUE (5)
C  otherwise (UNCERTAIN present, no FALSE)

The complete inference procedure is summarized in Algorithm [}

4 Experiments

In this section, we evaluate Re-Check to answer three key questions: (1) Effi-
cacy: Does Re-Check effectively mitigate sycophancy compared to existing base-
lines? (2) Utility: Does the framework preserve the model’s ability to answer
normal, valid questions? (3) Mechanism: How do the individual components
contribute to the overall performance?

4.1 Experimental Setup

Datasets. We primarily evaluate on ChartHal [26], a benchmark specifically
designed to test hallucination and sycophancy in charts. It categorizes queries
into four relations: Normal, Irrelevant, Inexistent, and Contradictory. To assess
the impact on general capabilities, we use ChartQAPro [19], a challenging
benchmark featuring complex reasoning and diverse chart types.
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Table 1: Main performance comparison on ChartHal. We report accuracy (%)
across all Question Types (Desc., Reason, Open) and Chart-Question Relations (Irrel.,
Inexist., Contra., Normal). Integrated Prompting improves robustness on adversar-
ial queries but suffers catastrophic degradation on Normal queries due to lack of stage
isolation, indicating severe over-refusal. Re-Check achieves the best overall trade-off,
significantly outperforming the base model while maintaining comparable performance
on Normal queries.

Question Type Chart-Question Relation

Model Method Overall
Desc. Reason Open‘lrrel. Inexist. Contra. Normal‘
Base 55.35 50.31 66.29|72.76 65.41 38.57 45.61 | 57.49
Prompt 65.80 71.43 80.11/92.19 90.12 60.95 34.31 | 72.32
Qwen3-VL-8B - y;op f1g] 54.31 54.04 66.39|75.46 69.19 32.38 46.03 | 58.29
Re-Check (Ours) 67.62 70.81 79.27|89.59 87.79 57.14 44.77 | 72.50
Base 2219 10.25 7.84|4.46 7.27 048 4519 | 13.75
Prompt 59.79 57.45 75.07|84.39 81.60 43.33 3473 | 64.22
InternVL3.5-8B oy ] 24.80 13.98 8.12|4.46 13.95 0.95 44.77 | 15.91
Re-Check (Ours) 59.53 56.52 73.95[80.67 79.94 39.05 41.84 | 63.47
Base 59.27 56.83 45.66|54.65 62.50 29.52 62.34 | 53.95
Prompt 72.58 70.19 86.83|91.82 87.21 69.52 50.63 | 76.65
Qwen3-VI-32B yop 19 61.36 53.42 47.62|57.62 59.01 32.86 62.76 | 54.33

Re-Check (Ours) 75.72 74.84 82.63|91.45 86.63 67.14 59.00 ‘ 77.78

Models and Baselines. We conduct experiments using state-of-the-art open-
source MLLMs: Qwen3-VL-8B [1], InternVL3.5-8B [25|, and Qwen3-VL-
32B [1]. We compare Re-Check against three baseline strategies:

— Direct Inference (Base): Standard generation using the original query.

— Integrated Prompting (Prompt): Inspired by text-only verification-chain
methods such as CoVe [3] and Wu et al. [29], this baseline consolidates the
verify-then-answer logic (claim decomposition, verification, and conditional
correction) into one unified prompt, executed in a single inference pass with-
out stage isolation. It represents the most straightforward adaptation of the
verification-chain paradigm to multimodal chart understanding.

— Visual Contrastive Decoding (VCD) [10]: A training-free hallucination
mitigation method that subtracts distorted-image logits from original-image
logits at each decoding step to suppress language priors during generation. As
both VCD and our CVDS leverage contrastive visual conditions to mitigate
language-prior bias, we select VCD as a primary baseline for comparison.

Hyperparameters. Unless specified, we use a fixed CVDS threshold of 7=2.0
for all experiments with Re-Check across models and benchmarks. This uni-
fied setting ensures fair comparison across experimental groups and improves
reproducibility.
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Fig. 3: Accuracy gain/loss relative to the base model on ChartHal (Qwen3-
VL-8B). Re-Check achieves substantial improvements on adversarial query types while
incurring only marginal degradation on Normal queries, effectively mitigating syco-
phancy without over-refusal. Integrated Prompting yields higher adversarial gains but
suffers severe over-refusal on Normal queries. VCD provides negligible improvements
and even degrades Contradictory accuracy.

4.2 Sycophancy Mitigation

Tab. [I] presents the main results on ChartHal across three model scales. Two
consistent patterns emerge.

Sycophancy is pervasive across architectures. All base models exhibit
severe vulnerability: Contradictory accuracy is only 38.57% (Qwen3-VL-8B),
0.48% (InternVL3.5-8B), and 29.52% (Qwen3-VL-32B), indicating that MLLMs
overwhelmingly comply with false premises regardless of model capacity. No-
tably, InternVL3.5-8B’s overall base accuracy of 13.75% reveals near-total syco-
phantic collapse, where the model abandons visual evidence almost entirely.

Re-Check consistently achieves the best safety-utility balance. Across
all three models, Re-Check delivers substantial overall improvements (+15.01%,
+49.72%, +23.83% over respective baselines) while preserving Normal accuracy
within a small margin of the base model (e.g., 44.77% vs. 45.61% for Qwen3-VL-
8B, a gap of merely 0.84%). In contrast, Integrated Prompting achieves compa-
rable or even higher adversarial gains, but at the cost of catastrophic Normal
degradation (e.g., 34.31% for Qwen3-VL-8B, an 11.3% drop), confirming the
over-refusal problem inherent in single-pass verification. VCD provides negligi-
ble improvement across all models (e.g., +0.80% for Qwen3-VL-8B), confirming
that token-level contrastive decoding cannot address claim-level logical errors
that require explicit premise verification. As visualized in Fig. [3] Re-Check de-
livers large gains on adversarial relations (e.g., +18.6% on Contradictory, +22.4%
on Inexistent) while keeping Normal accuracy loss within a marginal range, pre-
cisely targeting sycophantic responses without inducing over-refusal.
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Table 2: Utility preservation on ChartQAPro. We report accuracy (%) across five
task categories. Re-Check significantly outperforms Integrated Prompting on Factoid,
Hypothetical and Fact-Checking tasks, demonstrating that it avoids over-refusal.

Task Category

Model Method
Factoid Convers. Hypoth. FactChk. MCQ ‘Overall
Base 40.36 44.32 66.09 3279 4.2l | 37.37
Prompt 3329  40.92 4530 4344  7.01 | 33.49
Qwen3-VI-8B -y 1] 40.29 4322  63.62 36.89 7.48 |37.90
Re-Check (Ours) 36.70 42.13  63.79 45.49 2.80 | 36.31
Base 38.55 49.12 5053  9.43  25.70| 35.78
Prompt 28.43  44.90 4230  34.02 1.87 | 29.54
InternVL3.5-8B o 1] 37.26 4855 63.39 11.31 28.50| 36.17
Re-Check (Ours) 3553 46.28 4569 44.26 18.22|36.95

4.3 General Utility Preservation

While Integrated Prompting appears competitive on ChartHal, this is largely
due to the high adversarial sample ratio (~3:1), which artificially inflates its
overall score. In practice, Integrated Prompting tends to indiscriminately reject
queries containing premises, severely degrading capabilities on normal inputs
(which dominate real-world applications). In contrast, Re-Check achieves higher
accuracy on normal queries and avoids severe degradation on general benchmarks
like ChartQAPro.

Tab. [2 evaluates utility on general chart reasoning. Re-Check retains 97.2%
of the base model’s overall performance (36.31% vs. 37.37% on Qwen3-VL-8B),
whereas Integrated Prompting only retains 89.6%. This confirms that conflating
claim extraction and verification into a single pass induces indiscriminate over-
refusal on valid queries. We provide more analysis in Appendix E.

The safety-utility trade-off is further quantified in Fig. [l Re-Check achieves
AUROCs of 0.942 (Qwen3-VL-8B) and 0.911 (InternVL3.5-8B), substantially
outperforming Integrated Prompting (0.835 and 0.785), demonstrating that stage-
isolated verification minimizes false alarms on normal queries while maintaining
high detection sensitivity.

4.4 Ablation Study

Tab. [3]isolates the contribution of each component. All experiments use Qwen3-
VL-8B on ChartHal.

Stage 1: Text-only vs. VLM decomposition (Row 2 vs. Row 5). Switch-
ing to VLM decomposition drops overall accuracy by 4.42% (68.08% vs. 72.50%).
When the image is accessible during claim extraction, the model tends to align
extracted premises with visual content, ignoring false claims before they reach
verification. Text-only decomposition preserves the user’s original premises, en-
abling more faithful downstream detection.
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- =+ Integrated Prompting (AUROC=0.835) ==+ Integrated Prompting (AUROC=0.785)
—— Re-Check (Ours) (AUROC=0.942) —— Re-Check (Ours) (AUROC=0.911)

\
\

True Positive Rate (Sensitivity)
True Positive Rate (Sensitivity)

s
False Positive Rate (1 - Specificity) False Positive Rate (1 - Specificity)

Fig. 4: ROC analysis of premise verification on ChartHal with Qwen3-VL-8B
(left) and InternVL3.5-8B (right). We treat the detection of queries containing false
premises (Irrelevant, Inexistent, Contradictory) vs. Normal queries as a binary clas-
sification task. Each method produces a single operating point and ROC curves are
estimated via PCHIP interpolation. Re-Check consistently achieves superior discrimi-
nation compared to Integrated Prompting across both models.

Table 3: Ablation study of Re-Check components on ChartHal (Qwen3-VL-
8B). Each row modifies one design choice relative to the full model (Row 5). Stage 1:
Decomposition backbone (LLM vs. VLM). Stage 2: Whether CVDS vision-grounded
verification is applied. Stage 3: Routing mechanism (2-way vs. 3-way).

Question Type Chart-Question Relation

Row Stage 1 Stage 2 Stage 3 Overall

Desc. Reason Opcn‘ Irrel. Inexist. Contra. Normal‘
Base Model 55.35 50.31 66.29 ‘ 72.76 65.41 38.57 45.61 ‘ 57.49

VLM  w/ CVDS 3-way 61.36 65.84 77.31|82.16 83.14 56.67 40.59 | 68.08
LLM w/o CVDS 3-way 67.62 70.19 78.43|89.22 88.08 56.19 43.51 | 72.03
LLM w/ CVDS 2-way  59.53 56.21 71.71|82.16 70.35 44.76 45.19 | 62.62

LLM  w/CVDS 3-way 67.62 70.81 79.27|89.59 87.79 57.14 44.77 | 72.5

T W N =

Stage 2: w/o CVDS vs. w/ CVDS (Row 3 vs. Row 5). Disabling CVDS
yields comparable overall accuracy (72.03% vs. 72.50%) but degrades Normal
accuracy by 1.26% (43.51% vs. 44.77%). Without vision-grounded verification,
the model may reject claims based on linguistic priors alone, producing unreliable
corrections. CVDS filters out such textually biased refutations, recovering utility
on borderline queries.

Stage 3: 2-way vs. 3-way routing (Row 4 vs. Row 5). Collapsing the UN-
CERTAIN category into a binary TRUE/FALSE scheme causes the most severe
degradation (—9.88% overall). Without the uncertainty-aware Route C, ambigu-
ous claims are forced into hard decisions — either over-corrected (FALSE) or
missed (TRUE). Three-way routing provides a principled intermediate path for
uncertain cases, which proves essential to the framework’s overall effectiveness.
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Table 4: Sensitivity of the CVDS threshold 7 on ChartHal (Qwen3-VL-8B).
Trigger Rate: percentage of FALSE claims downgraded to UNCERTAIN.

7 Trigger Rate Overall

(%) Question Type Chart-Question Relation
0

Desc. Reason Open‘Irrel. Inexist. Contra. Normal‘

0.0 0.0 67.62 70.19 78.43|89.22 88.08 56.19 43.51 | 72.03
1.0 11.9 67.89 T71.12 78.43|89.59 88.37 56.67 43.93 | 72.41
2.0 18.4 67.62 70.81 79.27|89.59 87.79 57.14 44.77 | T2.5
3.0 24.0 67.89 70.81 78.71|89.96 87.79 56.67 44.35 | 72.41
4.0 34.6 67.10 70.50 78.71|89.96 86.63 56.19 44.77 | 72.03

4.5 Hyperparameter Analysis

Tab. fanalyzes the sensitivity of the CVDS threshold 7. Increasing 7 downgrades
more FALSE claims to UNCERTAIN (higher Trigger Rate), which improves
Normal accuracy by suppressing unreliable corrections but risks missing genuine
contradictions. Therefore, 7 directly controls how aggressively CVDS applies
sycophancy correction versus how conservatively it preserves valid responses,
i.e., the core safety-utility trade-off.

We select 7 = 2.0 because it achieves the highest overall accuracy (72.50%)
while simultaneously maximizing Normal accuracy (44.77%, tied with 7=4.0).
Although the overall gain over the w/o CVDS baseline (7=0) is modest (+0.47%),
the improvement in Normal accuracy (+1.26%) is practically significant: it means
fewer valid queries are incorrectly rejected, which is precisely the safety-utility
balance that CVDS is designed to provide.

We provide qualitative case studies in Appendix B.2 to further illustrate how
CVDS distinguishes textual bias from visual grounding.

5 Conclusion

We present Re-Check, a training-free inference framework that mitigates syco-
phancy in multimodal chart understanding through three synergistic compo-
nents: text-only atomic claim decomposition that faithfully preserves user premises,
vision-grounded verification that detects false premises via image evidence and
uses CVDS to filter out textually biased misjudgments, and adaptive three-way
routing that selects the appropriate generation path based on verification confi-
dence. On ChartHal, Re-Check improves overall accuracy by 15.01% (57.49% to
72.50% with Qwen3-VL-8B) while retaining 97.2% of the base model’s Normal
query performance, significantly alleviating the safety-utility trade-off. We hope
Re-Check contributes toward building more trustworthy multimodal reasoning
systems.
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Limitations

First, Re-Check introduces additional inference latency (~3.6x; see Appendix A),
as claim decomposition and vision-grounded verification each require separate
forward passes. Second, the quality of atomic claim decomposition depends on
the instruction-following ability of the LLM branch, and decomposition errors
can propagate to verification. Third, our evaluation focuses on chart under-
standing; however, since our framework fundamentally operates on the textual
premise of VLM queries rather than on domain-specific visual features, it is in
principle transferable to other VLM tasks such as document or natural image
understanding, which we leave for future investigation.
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