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Abstract. Chain-of-Thought fine-tuning enhances the reasoning capa-
bilities of Large Vision-Language Models, but can paradoxically exac-
erbate hallucinations, revealing a reasoning-faithfulness trade-off. We
identify a key cause of this phenomenon as the “Confidence Trap”: un-
der visual ambiguity or degradation, models may produce low-entropy,
high-confidence errors instead of expressing appropriate uncertainty. This
failure mode challenges conventional mitigation strategies that rely on
uncertainty cues or contrastive decoding signals, since confident halluci-
nations can remain highly stable under visual perturbations. To address
this problem, we propose Hallucination-Entropy Regulated Optimization
(HERO), an on-policy reinforcement learning framework for mitigating
confident hallucinations. HERO introduces a dynamic entropy-aware ob-
jective that assigns larger optimization weights to low-entropy erroneous
outputs, and further improves training efficiency through variance-gated
sample selection that focuses updates on informative hard negatives. Ex-
periments on POPE, THRONE, and AMBER show that HERO achieves
strong overall hallucination mitigation, substantially improves truthful-
ness in critical low-entropy regions, and maintains competitive general
reasoning capabilities. These results suggest that explicitly targeting
confidence-misaligned errors is an effective direction for improving mul-
timodal faithfulness in CoT-style LVLMs.

1 Introduction

Large Vision-Language Models (LVLMs) have demonstrated unprecedented ca-
pabilities, effortlessly parsing complex visual scenes, engaging in nuanced mul-
timodal dialogue, and executing sophisticated zero-shot reasoning [1, 2, 26, 29,
44, 48, 54]. However, this remarkable progress is shadowed by a persistent and
critical failure mode that severely undermines their practical utility: hallucina-
tion [3,12,28,40,51]. This phenomenon manifests as the generation of text that is
plausible-sounding yet factually inconsistent with, or entirely untethered from,
⋆ Corresponding author
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Fig. 1: The Confidence Trap in LVLMs. (a) Standard models yield factual predictions
with appropriate high confidence. (b) After Chain-of-Thought tuning, models fail to
exhibit the expected uncertainty. Instead, they fall into a Confidence Trap by relying
heavily on language priors to fabricate hallucinations characterized by pathologically
low entropy and high confidence. (c) Failure of Traditional Methods: Neither inference-
time contrastive decoding nor offline alignment can resolve this trap, as they rely on
the flawed assumption that hallucinations always correlate with high uncertainty. (d)
To address this, our HERO framework introduces a dynamic entropy-aware penalty to
extricate the model from this trap and strictly realign its predictive confidence with
actual visual evidence.

the provided visual input. This fundamental lack of reliability not only erodes
user trust but also renders VLMs perilous for deployment in high-stakes applica-
tions, such as autonomous navigation or medical image analysis, where factual
accuracy is non-negotiable.

Recent research has widely adopted Chain-of-Thought (CoT) prompting or
fine-tuning to unlock the reasoning potential of LVLMs for complex tasks [16,18,
20, 21, 23, 35, 45, 49, 55, 59]. While the prevailing hypothesis posits that explicit,
step-by-step reasoning should theoretically promote factual grounding, our em-
pirical investigation reveals a startling and counter-intuitive trade-off: optimizing
for complex reasoning often exacerbates hallucinations.

Crucially, through rigorous experiments involving controlled image degrada-
tion, we identified a critical bottleneck behind this failure: a phenomenon we
term “Overconfidence under Degradation” (Fig. 1(b)). Intuitively, one might ex-
pect a model’s predictive entropy to rise alongside its uncertainty as visual clar-
ity degrades. Instead, we observe that models retreat into a “Confidence Trap”.
Standard CoT tuning exacerbates this issue by encouraging the model to gen-
erate coherent narratives regardless of input quality. Consequently, when visual
evidence degrades, the model acts as a “blind reasoner” that prioritizes linguistic
coherence over visual fidelity, leading to high-confidence fabrications. Driven by
these strong language priors, the sample distribution paradoxically shifts toward
lower entropy ranges, revealing that the most pernicious errors are not instances
of random guessing, but rather cases where the model is confidently wrong.

These findings expose a critical limitation in current mitigation strategies
[15,56]. Conventional uncertainty-based methods, such as VCD [19], rely on the



3

assumption that hallucinations correlate with high entropy. However, our anal-
ysis reveals that hallucinations in reasoning models frequently populate low-
entropy zones, creating a Confidence Trap that renders such methods ineffec-
tive against confident errors (Fig. 1(c)). Furthermore, offline alignment meth-
ods [36,52] often rely on highly customized datasets derived from outdated mod-
els. Consequently, they may be ineffective for refining stronger models, and their
output formats are frequently ill-suited for CoT-based reasoning.

To address this, we propose Hallucination-Entropy Regulated Optimization
(HERO), an on-policy reinforcement learning framework. HERO enforces multi-
modal faithfulness through three core mechanisms: (1) a dynamic entropy-aware
loss that amplifies penalties on high-confidence errors; (2) a variance-gated sam-
ple selection strategy for efficient hard-negative mining; and (3) a dynamic bal-
ancer that stabilizes training by arbitrating between reward maximization and
policy regularization. Our main contributions are summarized as follows:
– We identify a low-entropy bottleneck in large vision-language models, reveal-

ing that visual degradation paradoxically drives Chain-of-Thought reasoning
into a highly confident state reliant on linguistic priors.

– We propose HERO to resolve the reasoning-faithfulness trade-off. By dynam-
ically penalizing confident hallucinations and mining high-variance samples,
it effectively overcomes the blind spots of traditional uncertainty-based de-
fenses.

– HERO achieves the strongest overall performance among the evaluated meth-
ods on THRONE and POPE, and improves AMBER coverage under detailed
CoT-style generations, while exposing a coverage–hallucination trade-off on
AMBER rate metrics, notably restoring truthfulness in critical low-entropy
zones by over 20% without compromising complex reasoning capabilities.

2 Related Works

2.1 CoT Reasoning and the Faithfulness Trade-off

Chain-of-Thought (CoT) prompting and fine-tuning have become widely used for
enhancing reasoning in LLMs and LVLMs [5,6,8,18,34,39,43,56,57]. While CoT is
effective for logic-intensive tasks, recent studies show that explicit reasoning may
also induce reasoning hallucination, where models generate plausible rationales
that support incorrect or visually unsupported answers [4, 9, 24, 27, 30, 40]. In
multimodal settings, this issue becomes more severe because the model may rely
on language priors instead of visual evidence. We extend this line of analysis by
identifying Overconfidence under Degradation: when visual information becomes
ambiguous, CoT-tuned LVLMs can produce low-entropy hallucinations with high
confidence, making such errors difficult to detect using standard uncertainty
cues.

2.2 Inference-time Defense

Inference-time hallucination mitigation methods mainly intervene in decoding
or internal representations [31,32]. Visual Contrastive Decoding (VCD) [19] and
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related methods such as CDAR [22] contrast logits from original and perturbed
visual inputs to reduce language-prior-driven hallucinations. Other training-
free methods, including VHD [13] and DeCo [41], detect abnormal attention
or hidden-state patterns and adjust generation without model retraining. These
methods are effective when hallucinated and grounded states remain separa-
ble at inference time. However, under the low-entropy Confidence Trap, both
the original and perturbed branches may favor the same hallucinated token,
weakening the contrastive signal. Similarly, internal activations may become less
discriminative when the model is already confidently biased toward a visually
unsupported answer. HERO therefore addresses this failure at the training stage
by directly penalizing low-entropy erroneous outputs.

2.3 Alignment via Preference Optimization

Model alignment has evolved from reinforcement learning from human feed-
back [10,25,52,58] to more efficient direct preference optimization [36]. For mul-
timodal hallucination mitigation, recent methods incorporate visual constraints
into preference learning. V-DPO [46] and HDPO [11] use vision-guided rewards
to penalize mismatched descriptions, while OPA-DPO [50] emphasizes the im-
portance of maintaining on-policy data distributions. Although these methods
reduce general hallucinations, they usually apply similar penalties to different
types of errors and do not explicitly distinguish uncertain mistakes from con-
fident hallucinations. As a result, aligned models may still assign high confi-
dence to visually unsupported generations under ambiguous inputs. In contrast,
HERO introduces entropy-aware weighting into on-policy RL, assigning larger
optimization weights to low-entropy erroneous outputs and thereby targeting
the Confidence Trap more directly.

3 Preliminaries

3.1 Group Relative Policy Optimization (GRPO)

To efficiently fine-tune large vision-language models without the computational
overhead of an independent critic network, we employ Group Relative Policy
Optimization, or GRPO [38]. Unlike standard Proximal Policy Optimization [37],
GRPO estimates the advantage of an action by contrasting it against a group
of sampled outputs from the same policy rather than relying on a learned value
function.

Formally, for a given multimodal prompt x comprising both visual and tex-
tual inputs, the policy πθ samples a group of G outputs {o1, o2, . . . , oG}. A
reward model computes a scalar reward ri for each output oi. The advantage Âi

is then estimated by normalizing the rewards within the group:

Âi =
ri − mean({r1, . . . , rG})

std({r1, . . . , rG}) + ϵ
, (1)
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Therefore, the animals on
the candies are a turtle and
a snake.

  Q: "what animal is on the
candy? think step by step"

The candy in the picture has
a turtle design on it.   Q: "what animal is on the

candy?"

Step1:Green round candies with a turtle design. Orange oval-
shaped candies with a snake design. 
Step2:The green round candies have a turtle design on them.The
orange oval-shaped candies have a snake design on them.
Step3:The green round candies have a turtle design on them.The
orange oval-shaped candies have a snake design on them.

Fig. 2: The Reasoning-Faithfulness
Paradox. Introducing explicit Chain-
of-Thought paradoxically causes the
model to hallucinate unsupported details,
degrading factual grounding.

Table 1: Performance Comparison. We
evaluate the impact of different CoT
strategies. While Tuned-CoT improves in-
termediate reasoning steps, it exacerbates
visual hallucinations, leading to a notice-
able decline in overall accuracy relative to
the vanilla baseline.

Method Acc F1 Yes-Ratio

Vanilla Baseline 89.6 88.8 41.9
+ Prompted-CoT 84.4 (↓5.2) 83.2 (↓5.6) 39.9 (↓2.0)
+ Tuned-CoT 85.8 (↓3.8) 83.6 (↓5.2) 37.1 (↓4.8)

where ϵ is a small constant for numerical stability. The standard GRPO objective
maximizes these advantages while constraining policy deviation via Kullback-
Leibler divergence:

JGRPO(θ) = Ex∼D,{oi}∼πθ

[
1

G

G∑
i=1

Âi ·
πθ(oi|x)
πθold(oi|x)

]
− β · KL(πθ(·|x) ||πref(·|x)). (2)

Here, πref acts as the reference policy, typically initialized from the super-
vised fine-tuned baseline, while β controls the strength of the divergence penalty.
Critically, standard GRPO assigns uniform optimization weights to all samples,
ignoring the model’s inherent predictive confidence. This fundamental limitation
directly motivates our entropy-regulated formulation detailed in Sec. 5.

3.2 Natural Language Inference as Reward Proxy

Since obtaining scalar rewards for open-ended visual captioning is non-trivial,
we leverage Natural Language Inference, or NLI [7, 14], as a robust proxy for
factual correctness. These models categorize the logical relationship between
a premise and a hypothesis into three distinct classes: Entailment, Contradic-
tion, and Neutral. In our framework, we decompose ground-truth annotations
into atomic visual propositions to serve as the premise, subsequently evaluating
whether the generated text, functioning as the hypothesis, entails these facts.
This approach allows us to construct a fine-grained, reference-based reward sig-
nal without relying on expensive human feedback or black-box LLM scoring.

4 Investigating the Roots of Hallucination

In this section, we dismantle the reasoning-faithfulness trade-off to understand
why Chain-of-Thought models exhibit stronger reasoning yet poorer factual
grounding. We first confirm the paradoxical effect of these methods. Crucially, we
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Fig. 3: Unveiling the Confidence Trap. Our analysis across three dimensions high-
lights the pathology of reasoning models: (a) In the evaluation of truthfulness versus
entropy, models maintain faithfulness in high-entropy zones but shift toward blind
overconfidence under visual degradation. (b) The confidence distribution shift reveals
that as visual noise increases, output density paradoxically migrates toward lower en-
tropy ranges. (c) Sensitivity analysis across temperatures shows consistent performance
degradation in accuracy and F1 score, suggesting that this overconfidence is an intrin-
sic policy trait rather than a heuristic decoding artifact.

then introduce a controlled image degradation experiment revealing a counter-
intuitive phenomenon of “Overconfidence under Degradation”, an observation
that identifies the true root of failure as pathological overconfidence rather than
mere uncertainty.

4.1 The Paradoxical Effect of Chain-of-Thought

CoT is designed to enhance reasoning via slow thinking. However, our experi-
ments on the LLaVA-CoT-100k [47] dataset reveal a critical side effect. Quantita-
tively, as shown in Table 1, while the instruction-tuned variant of this paradigm
(Tuned-CoT) is intended to improve reasoning benchmarks, it paradoxically de-
grades factual consistency. This manifests as lower Accuracy and F1 scores,
alongside a decreased Yes-Ratio on POPE and AMBER [42] relative to the
vanilla baseline.

This statistical decline is starkly corroborated by our qualitative observa-
tions. As illustrated in Fig. 2, forcing the model to generate explicit reason-
ing steps can inadvertently trigger visual hallucinations that are entirely absent
during direct answering. Together, these findings confirm that optimizing for
complex, multi-step reasoning often comes at the cost of visual grounding, as
the model learns to prioritize plausible narrative generation over strict factual
adherence.

4.2 Overconfidence under Degradation

Contrary to the common assumption that hallucinations mainly arise from high
uncertainty, our controlled image-degradation experiments reveal a counter-intuitive
pattern: visual ambiguity can push CoT-tuned LVLMs toward lower-entropy,
high-confidence errors. Specifically, we add Gaussian noise in RGB pixel space
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Fig. 4: Truthfulness across entropy bins. Standard CoT-SFT exhibits a sharp drop
in the ultra-low-entropy region (Entropy ≤ 0.3), indicating that many of its most
confident predictions are factually incorrect. In contrast, HERO substantially improves
truthfulness in this critical region while maintaining stable performance across other
entropy ranges.

as
Inoise = clip(I + ϵ, 0, 255), ϵ ∼ N (0, σ2), σ ∈ {0, 30, 50},

where σ = 0 denotes the clean image and larger values correspond to stronger
visual degradation.

Intuitively, degrading the visual input should reduce the model’s confidence
and increase predictive entropy. However, Fig. 3(a) shows that truthfulness drops
markedly in low-entropy regions as visual quality decreases. Meanwhile, Fig. 3(b)
shows that degradation also shifts more samples into these low-entropy bins. In
other words, the model does not merely become uncertain under corrupted visual
evidence; instead, it increasingly falls back on linguistic priors and produces con-
fident but visually unsupported predictions. This behavior forms the Confidence
Trap: the most harmful hallucinations can appear as high-confidence outputs,
thereby weakening the reliability of uncertainty-based detection or mitigation
strategies.

To examine whether this failure can be resolved by inference-time adjust-
ment, we further evaluate the sensitivity of faithfulness metrics to sampling
temperature. As shown in Fig. 3(c), increasing temperature consistently de-
grades accuracy and F1 score. This trend suggests that the hallucinations are
not merely artifacts of greedy decoding, but are embedded in the learned policy
distribution. Therefore, simple decoding heuristics such as temperature scaling
are insufficient to restore visual faithfulness. These findings motivate direct pol-
icy realignment, where low-entropy erroneous outputs are explicitly penalized
during reinforcement learning.

4.3 The Confidence Trap: Why SFT Fails

To further quantify this risk, we analyze the relationship between predictive
entropy and truthfulness scores across various tuning stages. As presented in the
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Fig. 5: Overview of the HERO Framework. Given multimodal inputs, the LVLM policy
generates candidate groups. We employ Variance-Gated Selection to filter out uninfor-
mative samples, retaining active hard negatives. These candidates then undergo a dual
evaluation: a Reward Model assesses factual correctness r(x), while the model’s In-
trinsic Uncertainty yields the predictive entropy H(x). Crucially, the HERO module
utilizes an Entropy-Aware Weighting mechanism to modulate the optimization; as il-
lustrated in the central plot, it assigns a severe penalty (red zone) specifically targeting
confident hallucinations (low entropy, low reward). The final policy is refined via dy-
namically balanced GRPO updates.

detailed bin analysis in Fig. 4, we observe that standard supervised fine-tuning
on Chain-of-Thought data severely exacerbates the issue. While SFT pushes
a significant portion of samples into the high-confidence zone where entropy is
below 0.3, the corresponding truthfulness score in this regime drops precipitously
compared to our RL-tuned model. This suggests that SFT forces the model to
mimic the structural style of reasoning chains, leading to a collapse in entropy
even when the underlying reasoning is flawed.

This analysis identifies “Confident Hallucination”, a phenomenon character-
ized by low entropy paired with high error rates, as the most pernicious failure
mode. A naive approach of penalizing high entropy proves insufficient because the
most dangerous errors are mathematically confident. This observation directly
motivates our HERO framework, which specifically targets these low-entropy
errors through a dynamic entropy-aware penalty mechanism.

5 Methodology

5.1 Overview of HERO Framework

The HERO framework (Fig. 5) is designed to mitigate the Confidence Trap
by penalizing overconfident hallucinations. It operates on a refined subset of
prompts B, obtained by variance gating (Sec. 5.2) to retain samples with infor-
mative reward variation. The policy is optimized with a dynamic objective that
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balances policy improvement and regularization:

JHERO(θ) = Ex∼B [poffense(x) · w(H(x)) · JGRPO(x)]

− β · Ex∼B [pdefense(x) · LKL(x)] .
(3)

Here, JGRPO encourages reward maximization, while the entropy-aware weight
w(H(x)) (Sec. 5.3) amplifies updates on confident erroneous outputs. The bal-
ancing probabilities poffense and pdefense (Sec. 5.4) further stabilize training by
adaptively shifting between policy improvement and conservative regularization.

5.2 Variance-Gated Sampling

Since post-training LVLMs already possess strong foundational capabilities, stan-
dard online RL can spend substantial computation on prompts whose sampled
responses provide little learning signal. For a prompt x, we generate G responses
and compute the reward variance

σ2
R(x) = Var(r1, . . . , rG). (4)

Prompts with extremely low reward variance are treated as plateaued groups
and are filtered out before the policy update. This selection is best understood
as an efficiency-oriented hard-example mining strategy rather than the primary
mechanism for detecting confident hallucinations. It focuses the online updates
on prompts where the policy produces diverse outcomes and therefore exposes
recoverable decision boundaries. The Confidence Trap itself is addressed by the
entropy-aware weighting in Sec. 5.3, which acts on the retained responses and as-
signs larger weights to low-entropy erroneous outputs. Although variance gating
introduces a deliberate sampling bias, our experiments show that it reduces un-
necessary backward updates and improves practical training efficiency without
degrading final performance.

5.3 Entropy-Aware Weighting: Breaking the Trap

To specifically penalize confident hallucinations, we introduce an entropy-aware
weight w(H(x)) that dynamically modulates the optimization objective based
on the predictive uncertainty of the model. Letting H(x) represent the average
token-level Shannon entropy of the response, we define this weight as follows:

w(H(x)) = 1 + σ (−k · (H(x)−H0)) . (5)

Here, H0 serves as a robust confidence baseline derived from the empirical mean
entropy of the reference model. The hyperparameters k controls the steepness of
the transition, while σ denotes the sigmoid function.

This weighting mechanism operates inversely to entropy, precisely regulating
the learning process across different confidence regimes. In scenarios where the
model is overly confident and its entropy falls significantly below the baseline,
the sigmoid function approaches one, driving the weight toward its upper bound.
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Consequently, if such a highly confident output yields a low reward due to factual
hallucination, the optimization penalty is severely amplified. This strict regular-
ization forces the policy to actively unlearn its blind confidence. Conversely,
when the model exhibits high entropy and demonstrates legitimate uncertainty,
the weight naturally decays to one. This graceful degradation ensures that the
framework safely reverts to standard optimization, preventing appropriate hesi-
tations from being unfairly penalized.

5.4 Dynamic Offensive and Defensive Balancing

We implement a dynamic arbitration mechanism to mitigate reward hacking and
catastrophic forgetting, effectively shifting between maximizing reward (Offense)
and anchoring to the reference policy (Defense). This balance is controlled by
the group’s mean reward r̄(x) = 1

G

∑G
i=1 ri:

poffense(x) = sigmoid (−(r̄(x)− θbase)) , (6)
pdefense(x) = 1− poffense(x). (7)

Here, θbase is a fixed hyperparameter set to the average reward of the SFT model.
The mechanism creates a soft transition between two distinct behaviors: When
the model underperforms relative to the baseline (r̄(x) < θbase), it enters an
Offensive Mode (poffense → 1), aggressively exploring the policy space to find
better solutions. Conversely, when performance is satisfactory (r̄(x) > θbase),
it shifts to a Defensive Mode (pdefense → 1), prioritizing KL regularization to
consolidate gains and prevent distribution drift.

5.5 Multi-Component Reward Model

We employ a composite reward R(C) that combines Format Compliance (Sformat)
and Accuracy (Sacc) to provide a holistic supervision signal:

R(C) = Sobj + Sattr + λSformat (8)

where Sacc is hierarchically decomposed into an object existence score Sobj and
an attribute score Sattr. To compute Sacc, we utilize an NLI model fNLI to
evaluate the generated caption C. For each ground-truth object o in the object
set O, we define an existence indicator Eo = I(fNLI(C, s

obj
o ) = Entailment)

based on its atomic statement sobjo . The object existence score is simply Sobj =
1

|O|
∑

o∈O Eo.
Subsequently, for objects successfully entailed by the caption (Eo = 1), we

evaluate their corresponding attribute set Ao using attribute-level statements
sattro,a . The overall attribute score Sattr is aggregated strictly across the existing
objects:

Sattr =

∑
o∈O

Eo

|Ao|
∑

a∈Ao
I(fNLI(C, s

attr
o,a ) = Entailment)∑

o∈O Eo + ϵ
(9)

where ϵ is a negligibly small constant to prevent division by zero. This hierar-
chical approach resolves ambiguity and ensures a rigorous reward construction.
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Table 2: Main results on hallucination benchmarks. HERO improves THRONE/POPE
and achieves higher AMBER coverage.

Method THRONE [17] POPE [24] AMBER-G [42] AMBER-D

Acc F0.5 Acc F1 Yes% CHAIR↓ Cover↑ Hal↓ Cog↓ Acc F1

3B Multimodal LLMs

Qwen2.5-3B (Base) 78.6 85.7 85.0 83.8 42.8 7.5 58.5 35.1 2.2 69.8 80.5
+ CoT-SFT [47] 78.3 85.6 84.1 82.8 42.4 8.1 55.6 47.5 3.4 74.6 80.4

+ VCD [19] (Inference) 78.8 86.1 84.8 83.2 42.0 7.8 58.5 46.2 3.2 74.8 79.8
+ HA-DPO [57] (Offline) 78.5 85.5 84.2 82.0 42.5 7.5 57.5 35.5 2.5 73.0 79.5
+ GRPO (Online) [38] 82.2 88.2 85.5 83.8 42.8 7.3 61.5 36.2 2.6 75.0 80.2
+ HERO (Ours) 82.8 88.6 86.5 85.4 43.4 7.2 62.3 36.2 2.9 74.4 80.5

7B Multimodal LLMs

Qwen2.5-7B (Base) 77.9 84.8 86.5 84.6 37.5 6.6 60.8 34.2 1.9 70.3 85.1
+ CoT-SFT [47] 77.3 84.9 85.9 84.2 42.2 6.2 54.1 39.2 2.3 80.1 85.0

+ VCD [19](Inference) 78.5 85.5 87.0 85.0 42.5 6.2 56.5 38.5 2.3 79.8 84.8
+ HA-DPO [57](Offline) 79.5 86.0 87.2 86.0 43.8 6.2 55.5 37.2 2.3 79.5 84.6
+ GRPO [38](Online) 81.9 88.5 89.2 90.0 45.2 6.0 59.0 36.8 2.2 80.8 85.3
+ HERO (Ours) 82.9 89.0 90.8 90.4 46.0 6.3 61.2 37.0 2.1 81.0 85.6

6 Experiments

6.1 Experimental Settings

Datasets. We utilize a dual-dataset strategy. LLaVA-CoT-100k is employed
for Supervised Fine-Tuning (SFT) to instill fundamental reasoning capabilities.
For RL alignment, we adopt Visual Attributes in the Wild (VAW), leveraging
its fine-grained attribute annotations and real-world complexity to construct a
rigorous reward signal.
Baselines. To rigorously validate HERO, we primarily utilize the Qwen2.5-VL
family (3B/7B). To compute the reward of each response, we utilize a DeBERTa-
v3 NLI model. We compare against a comprehensive suite of methods categorized
as follows: (1) Foundations: The pre-trained Base model and its CoT-tuned coun-
terpart (CoT-SFT). (2) Inference-Time Interventions: Uncertainty-based decod-
ing strategies, specifically VCD [19]. (3) Offline Alignment: Standard preference
optimization methods HA-DPO [57]. (4) Vanilla GRPO: Standard GRPO de-
void of our entropy-regulation and dynamic balancing mechanisms, serving as a
direct ablation baseline. Furthermore, we adopt greedy decoding (temperature
= 0) for all inference to ensure deterministic outputs.

6.2 Quantitative Analysis

Superiority over Inference-Time Methods. As shown in Table 2, HERO
outperforms VCD by a significant margin. VCD relies on the contrastive logit
signal between the original image and a perturbed visual input to suppress visu-
ally unsupported tokens. However, under the low-entropy Confidence Trap, both



12 X. Yang et al.

Question: 
        Which option describe the object relationship in the image correctly?
        Options:
  A: A black cat and a black bird in front of a blue door to a red building.
  B: A couple of elephants walking around a body of water.
  C: A red and blue train on a bridge during a cloudy day.
  D: An elephant walking through a lake near land.

Example  Answer from base method

Answer: B
(Think step by step): First, the analysis
identifies a train within the image. 
Then, an initial conclusion is drawn that
this feature (the train) "rules out options
involving animals." 
However, the reasoning continues by
observing other elements, specifically
"the presence of a bridge and water." 
Next, these features are found to
"align with option B." 
Finally, despite the fact that Option B
"mentions a couple of elephants" (which
contradicts the second step), the text
concludes that "the answer is option B"
based on the matching bridge and water.

Answer: C
Summary:  I will analyze the image
to identify key elements and match
them with the given options. I will
focus on the colors and objects
present to determine the correct
caption.
Caption: The image shows a red and
blue train traveling on a bridge. The
background includes a body of water
and some greenery. The sky appears
cloudy.
Reasoning:The image contains a red
and blue train on a bridge, which
matches the description of option C.
The presence of a bridge and a
cloudy sky aligns with the elements
described in option C. The other
options do not match the elements
present in the image, such as the train
and bridge. 

Answer from HERO methodAnswer from CoT method

Answer: B
Summary:  I will analyze the image to identify its
key elements and compare them with the given
options to determine the correct caption.  
Caption:  The image shows a red and blue train
traveling on a bridge.The bridge is over a body of
water, and there is land visible on the side. The sky
is cloudy.
Reasoning:To find the correct caption,I will
compare the image's contents with the options
provided.The image features a train, which rules
out options involving animals like cats, birds, or
elephants. The presence of a bridge and water
aligns with option B, which mentions a couple
of elephants walking around a body of
water. Option C mentions a train, but the train is
not red and blue, and the setting does not match a
cloudy day. Option D mentions an elephant,
which is not present in the image. Option A
mentions a black cat and a black bird, which are
not visible.

Answer: C
(Original) : Option C, a red and blue
train on a bridge during a cloudy day.

Fig. 6: Qualitative Comparison: Dismantling the Language Prior Trap. Left: The input
image displays a train on a bridge. Middle: Baseline and CoT models succumb to
language priors, where the context of “water and bridge” triggers a spurious linguistic
association with “elephants” (Option B) that overrides visual evidence. Right: HERO
suppresses this hallucination by penalizing high-confidence errors, effectively enforcing
visual verification of the “red and blue train” to correctly select Option C.

branches can assign high confidence to the same hallucinated token, making the
contrastive signal weak or noisy. In contrast, HERO corrects such confident hallu-
cinations during training by explicitly penalizing low-entropy erroneous outputs,
thereby addressing failure cases that decoding-time interventions tend to miss.
Superiority over Offline Alignment. HERO also surpasses offline methods
like HA-DPO [57]. While offline methods are limited by the static nature of
their preference datasets, HERO’s on-policy exploration allows it to dynamically
discover and correct the model’s specific “blind spots” (confident errors) during
training, resulting in superior data efficiency and final performance.
AMBER Coverage–Hallucination Trade-off. On AMBER, HERO improves
coverage but does not dominate all hallucination-rate metrics. For the 7B model,
it slightly increases CHAIR and Hal/sample compared with GRPO, reflecting a
coverage–precision trade-off under detailed CoT-style generation. Thus, AMBER
results should be interpreted jointly through both coverage and hallucination
metrics.

6.3 Dismantling the Confidence Trap

Targeting Confident Hallucinations. To strictly validate whether HERO
effectively resolves the Confidence Trap, we analyze the relationship between
Truthfulness Score and predictive entropy zones, as shown in Fig. 4. The re-
sults reveal a stark contrast in confidence calibration. Specifically, in the high-
confidence zone (Entropy ≤ 0.3), the SFT baseline suffers a severe collapse,
with truthfulness dropping to approximately 50.0%. This indicates a patholog-
ical misalignment where nearly half of the model’s most confident assertions
are factually incorrect. In contrast, HERO successfully rectifies this pathology,
recovering the truthfulness score to over 92.0% within this critical low-entropy
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regime. This represents a relative improvement of 84%, empirically demonstrat-
ing that our entropy-regulated optimization forces the model to align its high
confidence strictly with factual correctness rather than linguistic priors.
Qualitative Analysis: Escaping the Language Prior Trap. To visualize
how HERO dismantles these hallucinations, we present a concrete case study in
Fig. 6. The Baseline and CoT models often fall into a “Language Prior Trap.”
For instance, given an image of a bridge over water, the model’s internal para-
metric priors strongly associate these elements with “elephants” (likely due to
spurious training data bias). Consequently, despite the unambiguous visual pres-
ence of a train, the CoT model overrides the visual evidence and hallucinates
an elephant with high confidence. In contrast, HERO successfully suppresses
this linguistic hallucination. By explicitly penalizing high-confidence errors dur-
ing training, the model learns to prioritize visual grounding over probabilistic
language associations, correctly identifying the “red and blue train.” This con-
firms that HERO does not merely optimize metrics but fundamentally alters the
reasoning mechanism to be more visually faithful.

Table 3: Ablation results. We validate our pro-
posed optimization components and demon-
strate the superiority of variance gating over
random sampling.

Configuration THRONE MMBench

Acc (%) F1 (%) Acc (%)

Ablation on Optimization Components
Vanilla GRPO 80.6 77.7 65.5

+ Variance-Gated Sampling 80.6 77.8 65.4
+ Entropy-Aware Weighting 82.0 78.7 65.7
+ Dynamic Balancing 82.8 79.3 65.9

Ablation on Sampling Strategies
Full Data 80.6 77.7 65.5
Random Sampling 79.2 76.5 64.9
Variance-Gated Sampling 80.6 77.8 65.4
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Fig. 7: Training Efficiency. Com-
pared to vanilla GRPO, HERO con-
verges faster and performs better by
leveraging variance gating.

6.4 Ablation Study

We verify the contribution of each component in HERO through a comprehensive
ablation analysis, as summarized in Table 3, where we report the accuracy on
the lowest-entropy 30% of samples. First, we evaluate the impact of entropy-
aware weighting. Incorporating this mechanism significantly boosts hallucination
metrics, yielding a 2.2% improvement on THRONE compared to the Vanilla
GRPO baseline. This performance gain confirms that treating all errors equally
is suboptimal, whereas specifically penalizing confident errors produces more
effective gradients for hallucination mitigation.

Furthermore, to validate the importance of our hard negative mining strategy,
we compare the variance-gated selection against a random sampling approach.
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As shown in Table 3, while utilizing random sampling with 60% of the data
degrades performance to an accuracy of 79.2%, our variance gating achieves
a superior accuracy of 80.6% under the identical budget constraint. This stark
contrast demonstrates that non-informative samples offer negligible contribution
to the gradient; by filtering them out, the framework reduces training costs while
maintaining highly competitive accuracy.

In addition to faster reward convergence, HERO reduces practical training
cost under the same GPU allocation: wall-clock time decreases from approxi-
mately 22h for vanilla GRPO to 16h for HERO, corresponding to a reduction
from 274 to 185 GPU hours. This gain mainly comes from variance-gated selec-
tion, which avoids unnecessary backward updates on low-information groups.

6.5 Impact on General Capabilities

While reinforcement learning fine-tuning effectively mitigates hallucinations, it
often introduces an “alignment tax” by disrupting pre-existing feature represen-
tations, thereby degrading general multimodal understanding. To verify if HERO
circumvents this risk, we evaluate our HERO-3b on MMBench [33], MMMU [53]
and MME [9] benchmarks.

Table 4: General capability evaluation results on general benchmarks.

Benchmark Accuracy (%)

Base CoT-SFT HERO

MMBench 63.0 65.6 65.9
MMMU 45.22 46.56 45.67
MME 66.85 73.04 73.42

As shown in Table 4, HERO preserves general multimodal capabilities after
hallucination-focused RL. Compared with CoT-SFT, HERO slightly improves
MMBench and MME, while remaining close on MMMU. These results suggest
that HERO does not introduce a clear alignment tax.

7 Conclusion

In this work, we identify Overconfidence under Degradation as a key factor
behind the reasoning-faithfulness trade-off in Chain-of-Thought LVLMs. Our
analysis shows that, when visual evidence becomes ambiguous, models can fall
into a Confidence Trap, producing low-entropy hallucinations driven by linguis-
tic priors rather than grounded visual evidence. To address this failure mode,
we propose HERO, an entropy-regulated on-policy RL framework that empha-
sizes low-entropy erroneous outputs and improves training efficiency through
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variance-gated sample selection. Experiments show that HERO improves halluci-
nation mitigation on THRONE and POPE, enhances truthfulness in low-entropy
regions, and improves AMBER coverage under detailed CoT-style generations
while exposing a coverage–hallucination trade-off on AMBER rate metrics. Over-
all, HERO demonstrates that explicitly correcting confident hallucinations can
improve multimodal faithfulness without introducing a clear degradation in gen-
eral reasoning capabilities.

8 Limitations

While HERO mitigates confident hallucinations, several limitations remain. First,
the entropy-aware weight relies on a static empirical baseline H0, whereas predic-
tive uncertainty may vary across tasks and input conditions. Adaptive or input-
conditioned baselines may further improve calibration. Second, under extreme
domain shifts, some prompts may still produce uniformly confident responses
with low reward variance, limiting the effectiveness of variance-gated selection.
Finally, our NLI-based reward proxy provides an efficient factuality signal, but
atomic text propositions may not fully capture dense spatial relations or fine-
grained visual dependencies.
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