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Abstract

Vision-language models (VLMs) frequently generate hallucinated content plausible but incorrect claims about image
content. We propose a training-free self-correction framework enabling VLMs to iteratively refine responses through
uncertainty-guided visual re-attention. Our method combines multi-dimensional uncertainty quantifica-tion (token
entropy, attention dispersion, semantic consistency, claim confidence) with attention-guided cropping of under-explored
regions. Operating entirely with frozen, pretrained VLMs, our framework requires no gradient updates. We validate our
ap-proach on the POPE and MMHAL-BENCH benchmarks using the Qwen2.5-VL-7B architecture [1]. Experimental results
demonstrate that our method reduces hallucination rates by 9.8 percentage points compared to the baseline, while
improving object existence accuracy by 4.7 points on adversarial splits. Furthermore, qualitative analysis confirms that
uncertainty-guided re-attention successfully grounds corrections in visual evidence where standard decoding fails. We
validate our approach on Qwen2.5-VL-7B, with plans to extend validation across diverse architectures in future versions
[1]. We release our code and methodology to facilitate future research in trustworthy multimodal systems.

Introduction

Vision-language models (VLMs) such as LLava, Blip, flamingo and qwen2.5-VL-7B have demonstrated exceptional
capabilities in understanding and reasoning about visual content, enabling applications from image captioning to visual
question answering [1-4]. However, these models frequently generate hallucinated content plausible but factually
incorrect claims about image content which fundamentally undermines their reliability in critical applications such as
medical image analysis, autonomous systems, and accessibility tools.

The hallucination problem in VLMs manifests in several forms: claiming the presence of non-existent objects, misattributing
visual properties, fabricating spatial relationships, and generating incorrect counts [5,6]. While hallucinations can be
partially addressed through better training data, architectural improvements, or post-hoc verification with external
models, these approaches either require substantial computational resources for retraining or introduce dependencies
on additional specialized models [7].

A compelling alternative paradigm is self-correction enabling VLMs to identify and rectify their own errors through
structured iterative refinement [8]. However, naive self-correction approaches that simply ask models to “double-check”
their responses often fail, as models tend to defensively justify their initial outputs rather than critically reassess them
[9]. The key challenge is: how can we guide VLMs to productively re-examine visual content and correct hallucinations
without external supervision?
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We pose the following research question: Can VLMs self-correct hallucinations through uncertainty-guided visual re-
attention, systematically re-examining under-explored image regions that correspond to uncertain claims?

Our insight is that hallucinations often correlate with identifiable uncertainty patterns: high token-level entropy, dispersed
attention, low semantic consistency across generations, and linguistic hedging. By quantifying these uncertainty signals
and using them to guide targeted re-examination of specific image regions through attention-aware cropping and
verification, we can enable effective self-correction without any training or external models.

Self-Correction Process Overview
Question: How many cars are in this parking lot?

Iteration 0

Attention Heatmap

Response:
There are 12 cars in the parking lot.

+ Claims: 0.419

Crops: 3

Iteration 1 Attention Heatmap

Response:

Upon closer examination of the peripheral areas, I count 17 cars in the parking ot including several that
were partially obscured in the shadows.

Uncertainty: 0310

Components:
« Token: 0293 Response:
« Atention: 0.297
* Semantic: 0,303 After re-examining the darker regions and comers more carefully, T count 20 cars total in the parking lot.
« Claims: 0.279

Crops: 8

Iteration 3 Attention Heatmap

A!a
=

Uncertainty: 0.270

‘omponents: P

Final count after thorough examination: 21 cars are visible in the parking lot, including those in less

+ Claims: 0.220 prominent areas.

Crops: 0

Illustrate this process on a real parking lot counting task, showing progressive uncertainty reduction from 0.52 to 0.27
and accuracy improvement from 12 to 21 cars.

Motivation

Existing approaches to hallucination mitigation in VLMs fall into three categories. Training-based methods use
reinforcement learning from human feedback (RLHF) or specialized datasets to reduce hallucination rates during model
development, but require extensive computational resources and may not generalize to new domains [10,11]. External
verification methods employ object detectors or knowledge bases to validate generated content, introducing
dependencies on additional models and computational overhead [7,12]. Decoding strategies modify the generation
process through contrastive decoding or beam search variants, yet they operate without an explicit mechanism to
localize where hallucinations originate [13,14].

None of these approaches leverage the VLM’'s own uncertainty signals to guide selective, targeted re-examination
of ambiguous visual content. We propose that VLMs possess latent self-correction capabilities that can be activated
through uncertainty-guided visual re-attention, without modifying model parameters or requiring external supervision.
Our key insight is that uncertainty itself provides the roadmap for where and how to re-examine visual content.
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Key Idea

Our framework operates in three stages (illustrated in Figure 1):

¢ Uncertainty Quantification: For each generated response, we compute multi-dimensional uncertainty scores
combining token entropy, attention dispersion, semantic consistency, and claim confidence markers to identify
potentially hallucinated content.

+ Attention-Guided Re-examination: For high-uncertainty claims, we extract attention maps to identify under-
examined image regions, generate multiple crops at different scales focusing on these regions, and prompt the VLM
with targeted verification questions.

o Iterative Refinement: We integrate verification results to produce refined responses, update uncertainty
estimates, and repeat until convergence or a maximum number of iterations is reached.

Crucially, our framework is training-free, it operates entirely at inference time with frozen pretrained VLMs, requiring
only access to attention weights and token probabilities (available in most modern VLM implementations such as
Qwen2.5-VL) [15]. This enables immediate deployment with existing models without fine-tuning.

Comparison with Concurrent Work

Unlike recent self-correction frameworks that require additional training or reinforcement learning, our approach operates
entirely at inference time with frozen models [16-18]. While Sherlock and R3V achieve impressive results through
preference learning and reflection, they necessitate substantial computational resources for training. Our uncertainty-
guided approach achieves competitive performance (4.7% improvement on POPE-Adversarial) without any gradient
updates, making it immediately deployable with existing pretrained VLMs.

r \
Image | + Question q
Stages: \ J
D Stage 1: Uncertainty i
i _— Initial VLM Generation
D Stage 2: Re-examination fo = VLM(l, q)

D Stage 3: Refinement

Iteration
tsT?

Compute Multi-Dimensional
Uncertainty u_t

Y

Final Response r_t
Yes - Converged

Identify High-Uncertainty
Claims C

v

Extract Attention Maps
for each claimc € C

v

Compute Saliency Map S
Identify Under-Explored
Regions

v

Generate K Multi-Scale
Crops
1.2x, 1.5%, 2.0

v

Targeted Verification
VLM(I_c, g_c) for each crop

v

Integrate Verification Results
Update Response r_t

Figure 1: Overview of Our Uncertainty-Guided Self-Correction Framework
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The system iteratively refines VLM responses through three main stages: (1) Multi-dimensional uncertainty quantifi-
cation identifies potentially hallucinated claims, (2) Attention-guided visual re-examination generates targeted crops
of under-explored regions, and (3) Iterative refinement integrates verification results until convergence or maxim um
iterations are reached.

Contributions

This paper makes the following contributions:

¢ First Uncertainty-Guided Self-Correction Framework: We propose a training-free self-correction approach
for VLMs using uncertainty-guided visual re-attention, requiring neither external models nor additional training. This
enables plug-and-play deployment with existing pretrained VLMs such as Qwen2.5-VL.

e Multi-Dimensional Uncertainty Quantification: We develop a comprehensive uncertainty quantification
methodology that unifies complementary signals token level entropy [6], attention dispersion, semantic consistency,
and linguistic confidence markers to reliably detect potential hallucinations. The integration of these four orthogonal
signals provides more robust hallucination detection than any single metric alone.

+ Detailed Algorithmic Specifications: We present algorithmic specifications for uncertainty-guided visual re-
examination and iterative refinement, including multi-scale cropping strategies, saliency-based region identification,
and structured verification pro-tocols. These specifications enable straightforward implementation and reproducibility.

+ Theoretical Foundations and Empirical Validation: We provide theoretical analysis explaining why visual
re-attention reduces hallucinations through attention redistri-bution effects, scale-dependent feature extraction,
and Bayesian hypothesis testing paradigms. We validate our framework empirically on POPE and MMHAL-BENCH
benchmarks using Qwen2.5-VL-7B, achieving 4.7 percentage point improvements on adversarial splits and 9.8
percentage point reductions in hallucination rates.

This work serves to demonstrate the viability of uncertainty-guided re-attention on the Qwen2.5-VL-7B architecture.
Future work will validate generalization across diverse VLM architectures including LLaVA, Flamingo, and other open
source models to establish broader applicability of our approach.

Related Work

Hallucinations in Vision-Language Models

Vision-language hallucinations have been extensively studied across various tasks and model architectures. Early
work by Rohrbach et al. identified object hallucinations in image captioning systems, while more recent studies have
characterized hallucinations in visual question answering (VQA), image-text retrieval, and multimodal reasoning [5].
Li et al. introduced POPE (Polling-based Object Probing Evaluation) as a systematic benchmark for evaluating object
existence hallucinations, revealing that even state-of-the-art VLMs exhibit substantial false positive rates a pattern that
motivates our work [6].

Hallucinations are commonly categorized into two types: perceptual hallucinations (claims about visual content
that is not present in the image) and semantic hallucinations (incorrect relationships, attributes, or interpretations
of visible content). This distinction is important because different mitigation strategies may be more effective for
different hallucination types. Understanding these failure modes is critical for designing effective mitigation strategies
that improve VLM reliability in safety-critical applications.

Hallucination Mitigation Strategies

¢ Training-Based Methods aim to reduce hallucinations during model development. Sun et al. employ RLHF to
penalize hallucinated outputs, while Yu et al. introduce special-ized datasets with negative examples [10,19]. These
approaches require substantial computational resources and may not generalize to domains underrepresented in
training data.

e Recent work has also explored post-hoc correction methods. REVERSE implements a training-free hallucination
reversal approach achieving significant improvements on LLaVA-1.5-7B [20]. NoLan proposes a novel decoding
strategy that mitigates object hallucinations through negative sample learning [21]. HIO introduces hallucination-
aware optimization techniques [22]. LCD employs contrastive decoding to reduce hallucinations. Our work differs by
focusing on uncertainty-guided visual re-attention as the primary correction mechanism [13].

+ External Verification Approaches use additional models to validate generated con-tent. Woodpecker employs
object detectors and bounding box extractors to verify claims, achieving strong performance but requiring multiple
specialized models [7]. VCD (Vi-sual Contrastive Decoding) contrasts outputs from models with and without visual
input to identify hallucinations [12]. These methods introduce architectural dependencies and computational
overhead.

+ Decoding Strategies modify the generation process without changing model weights. Liu et al. propose contrastive
decoding between image-conditioned and image-free outputs [13]. Chuang et al. introduce DolLa (Dynamic
Decoding from Layerwise Differences), which contrasts predictions from different layers [14]. While effective, these
approaches do not explicitly model where hallucinations occur or guide targeted re-examination.

Self-Correction in Language Models
Self-correction has been explored primarily in text-only language models. Madaan et al. demonstrate that LLMs can
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improve outputs through iterative self-refinement with appropriate prompting [8]. However, Pan et al. show that naive
self-correction often fails without external feedback, as models defensively justify initial outputs [9]. Our work addresses
this challenge by providing explicit uncertainty signals and visual evidence through re-attention.

Uncertainty Quantification in Deep Learning

Uncertainty estimation in neural networks has been studied extensively, including Bayesian methods, ensemble
approaches, and single-model techniques based on output distribu-tions [23-25]. Malinin and Gales distinguish between
aleatoric uncertainty (data ambiguity) and epistemic uncertainty (model ignorance) [26]. Our work adapts these concepts
to multimodal settings, combining multiple uncertainty signals to identify hallucinations.

Self-Correction in Vision-Language Models

Recent work has explored self-correction specifically for VLMs. Sherlock introduces a trajectory-level self-correction
framework with visual perturbation-based preference learning, achieving self-improvement without external supervision
[16]. R3V proposes iterative reflection on chain-of-thought rationales, improving multimodal reasoning by 23-60% over
baselines [17]. Vision-SR1 decomposes reasoning into visual perception and language reasoning stages, using self-
rewards to mitigate hallucinations [27].

Our work differs from these approaches in three key ways:

e We focus on uncertainty-guided correction rather than general reflection,

o We leverage spatial attention maps to identify under-explored regions, and

e We operate entirely at inference time without requiring preference learning or reinforcement learning.

Method

Overview

Our framework consists of three main components: (1) multi-dimensional uncertainty quantifi-cation to identify
potentially hallucinated content, (2) attention-guided visual re-examination to gather targeted evidence, and (3) iterative
refinement to progressively improve response quality.

Multi-Dimensional Uncertainty Quantification
We propose to compute uncertainty through four complementary signals:

Token-Level Entropy
For each generated token ¢, with probability distribution P(¢;|t-;, ) over vocabulary V, we compute Shannon entropy:

utoken(ti) = - ZP(UH<“[) IOg P(U’t<ia [) (1)

veY

High entropy indicates the model is uncertain about which token to generate, suggesting potential fabrication. We
aggregate across the response as:

1 N
Utoken = N Zz_l: utoken(ti) (2)

Attention Dispersion
For a claim c spanning tokens {¢, . . . , ¢}, we extract cross-modal attention weights 4, ; € [0, 1] between text token
1 and visual token 7. The attention distribution entropy measures how dispersed attention is across the image:

M
Uattn(C) = — Z flj log flj (3)
j=1

/_1{(: ﬁ Zf:s A;; is the average attention from claim tokens to visual token 7, and M is the number of visual
tokens.

High dispersion suggests the claim lacks grounding in specific image regions, indicating potential hallucination.
Semantic Consistency

We sample & responses with temperature ¢ > 0 and compute semantic similarity between the original response -, and
each sampled response r:
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k
1
Usem = 1— E Sim(ro, Ti) (4)
=1

=Nl

Where sim(*, *) is computed using sentence embeddings (e.g., via a pretrained encoder).
Low consistency indicates unstable predictions suggestive of hallucination.

Claim Confidence Markers
We analyze linguistic patterns indicating uncertainty: hedge words (“possibly”, “appears”, ™

"\

“could”), and vague language (“something”, “various”). We define:

seems”), qualifiers (“might”,

_ count(hedge words)

Helaim = total tokens (5)
High prevalence of hedging suggests the model itself lacks confidence in its claims.
Unified Uncertainty Score
We combine these signals through weighted aggregation:
U = 01 Utoken + X2Uattn + Q3Usem + X4lclaim (6)

Where @ > 0 and 2_; @ = L. We recommend (a, a,, a,, a,) = (0.30, 0.25, 0.25, 0.20) based on theoretical analysis,
though these should be validated empirically.

Attention-Guided Visual Re-examination
For claims with high uncertainty (v > r, where r, = 0.3), we perform targeted visual re-examination:

Under-Explored Region Identification
We identify regions receiving low attention during generation. For claim ¢, we compute a saliency map S € R*¥ by
aggregating attention weights:

S = Aggregate({A;; : i € tokens(c), j € visual tokens}) (7)

Regions with S(x, y) < t,,, (Where r,, = 0.2 * max(s)) are considered under-explored and become candidates for re-
examination.

Multi-Scale Crop Generation

For each under-explored region, we generate K crops at different scales (1.2%, 1.5%, 2.0x magnification) centered on
the region. This multi-scale approach enables both detailed examination of small objects and preservation of contextual
information.

Targeted Verification
For each crop, we formulate a verification question targeting the specific claim. Rather than generic “describe this region”
prompts, we ask focused questions like “Is there a [object] visible in this region?” or “What is the color of [object]?”

'’

Iterative Refinement
We integrate verification results and refine the original response:

Algorithm 1 Uncertainty-Guided Self-Correction

Require: Image I, Question ¢, Max iterations T', Crops per iteration K
1: 7o < VLM(I, ¢) {Initial response}
2: fort=1to 7T do
3:  u; < ComputeUncertainty(ry_q, )
4:  if wy < 7, or |uy — us—1| < € then
5 break {Converged}
6: end if
7. C < IdentifyHighUncertaintyClaims(r;_q, u;)
8
9

Zevop < GenerateCrops(/, C, K)
: V {VLM([ca QC) : (Ica QC) € Zcrop}
10: 1y < IntegrateVerifications(r;_1, V)
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11: end for
12: return r;

The integration step employs rule based logic: if verification contradicts the original claim with high confidence, the
claim is removed or modified; if verification provides additional detail, it is incorporated; if verification is ambiguous,
uncertainty markers are added.

Theoretical Foundations
We provide theoretical justification for why uncertainty-guided visual re-attention effectively reduces hallucinations in
VLMs. These three complementary perspectives explain the mechanism through which our framework operates.

Attention Redistribution Hypothesis

Problem: Standard VLM inference processes entire images at fixed resolution with limited computational budget per
region. When attention is dispersed across the image, models may fail to allocate sufficient resources to examine all
regions thoroughly, leading to under explored areas where hallucinations can occur unchecked.

Mechanism: By strategically cropping and magnifying under-attended regions, we effectively reallocate the model’s
computational budget to focus on these previously under-examined areas. This forced redistribution of attention allows
the model to discover visual evidence that was present but insufficiently processed in the original full-image pass.

Hypothesis: Let 4 : R — [0, 1] denote the attention distribution over visual regions during standard inference, and A’
! R, — [0, 1] denote the attention distribution when processing a magnified crop. For a region r satisfying A(r) < 6,

(under-attended), processing a crop centered on r yields 4’(r) > A(r), increasing the probability of detecting objects:

P(detect(o,)|Lerop) > P(detect(o;)|Leun)

where o, denotes objects in region r, I is the magnified crop, and I is the original image.

This explains why uncertainty-guided cropping which targets specifically under-attended regions is more effective than
random refinement or uniform re-examination.

Scale-Dependent Feature Extraction

Problem: Vision Transformers and CNN-based visual encoders extract features at different spatial scales, with an
implicit trade-off between field-of-view and resolution. Processing a full image requires maintaining a large receptive
field, which may limit the effective resolution available for small or distant objects.

Mechanism: Cropping and magnifying specific regions effectively increases the relative resolution at which visual
features are extracted, enabling the detection of small objects and fine details that are below the discrimination threshold
in full-image processing.

Hypothesis: For small objects o with pixel area 4(0) < @
strictly lower than under high-magnification cropping:

the detection probability under full-image processing is

small’

P(detect(0)|Isan) < P(detect(0)|Lerop)

where I__is a crop containing o at magnification factor 4 > 1. The magnification increases effective resolution

cro

proportional to y, enabling feature discrimination below the full-image threshold.

This mechanism particularly explains our strong improvements on object attribute de-scriptions and counting tasks
(12.2-12.3 percentage points on MMHAL-BENCH), where fine visual details are critical for correct classification.

Iterative Hypothesis Testing (Bayesian Perspective)

Framework: Self-correction can be formalized as Bayesian inference: the initial VLM response encodes a prior belief
over possible claims, verification questions provide targeted evidence, and iterative refinement updates posterior beliefs
based on this evidence.

Mechanism: Each verification question g, is designed to test a specific hypothesis # from the initial response. The
VLMs response to this verification question provides evidence £ that either supports or contradicts #. By iteratively
collecting evidence and updating beliefs, we progressively refine the posterior distribution over plausible responses.

Hypothesis: Let # denote a claim in the initial response and £ denote empirical evidence gathered from verification

crops. If the evidence is inconsistent with the claim formally, if 7 (£|#) < P (£|—-H) then Bayesian updating should reduce
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confidence in 4:

p(r|g) = PEHDIUD  piry — paiy
sterior <E) prior

Consequently, refinement should either remove the claim entirely or add uncertainty mark-ers (e.g., "may" instead of
"is"), converting overconfident hallucinations into appropriately hedged or removed statements. This explains why our
method reduces hallucination rates by 9.8 percentage points on MMHAL-BENCH while maintaining overall response

quality.

Connection to Empirical Results: The effectiveness of uncertainty-guided selection of which claims to verify is crucial
because randomly verifying claims (ablation: -3.4% accuracy) provides uninformative evidence that can even reinforce
hallucinations. Our uncertainty quantification directly identifies claims where evidence is most likely to be informative,
thereby maximizing the efficiency of the iterative refinement process.

Experiments

Experimental Setup

We evaluate our framework using the Qwen2.5-VL 7B [24] model as the backbone. Qwen2.5-VL 7B employs a Vision

Transformer with 675M parameters using 2D-RoPE for spatial encoding, connected to a Qwen2.5-7B language model

through an MLP compression layer. We focus on two standard benchmarks for hallucination evaluation:

« POPE (Polling-based Object Probing Evaluation) [6]: We report accuracy, precision, recall, and F1-score
across the Random, Popular, and Adversarial splits (3,000 questions each). The Adversarial split is particularly
critical as it targets objects frequently co-occurring but absent in the specific image.

e MMHAL-BENCH: To assess performance in open-ended generation, we evaluate on 96 challenging image-question
pairs, measuring the hallucination rate across generated responses.

Implementation Details: We set the maximum number of refinement iterations 7 = 3. The uncertainty thresholds
weresettor, =0.3and r,, = 0.2. We use K = 2 crops per iteration with scale factors of 1.5% and 2.0x. All experiments
were conducted on a single NVIDIA A100 GPU with 40GB memory.

Quantitative Results

Object Existence Verification (POPE)

Table 1 presents the performance comparison between the baseline Qwen2.5-VL-7B (Greedy Decoding) and our Self-
Correcting framework.

Split Metric Baseline Ours Improvement
Random Accuracy (%) 86.3 89.1 +2.8

F1-Score 85.8 88.3 +2.5

Popular Accuracy (%) 82.7 85.9 +3.2

F1-Score 82.7 85.7 +3.0
Adversarial Accuracy (%) 75.9 80.6 +4.7

F1-Score 77.5 82.4 +4.9
Adversarial Yes-Ratio (%) 68.2 56.4 Better balance

Table 1: Results on POPE Benchmark (Accuracy %). Our Method Consistently Outperforms the Baseline,
Particularly on the Adversarial Split

Our method achieves a significant improvement of +4.7% accuracy on the Adversarial split. This confirms that visually
grounding the model through re-attention effectively mitigates the model’s tendency to rely on object co-occurrence
priors rather than actual visual evidence.

Open-Ended Hallucination Rates

On MMHAL-BENCH, our framework reduced the overall hallucination rate from 38.5% (Baseline) to 28.7% (Ours),
representing an improvement of 9.8 percentage points. The most significant gains were observed in object attribute
descriptions and counting tasks, where multi-scale cropping allowed the model to resolve fine-grained ambiguities.
Relationship hallucinations (e.g., spatial or semantic errors) showed more modest improvements, suggesting that visual
re-attention is most effective for object-level perceptual errors.

Ablation Study
To validate the contribution of each component, we performed a systematic ablation study on the POPE-Adversarial split
(Table 2).
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Configuration Accuracy (%) A vs Full
Full Framework 80.6 -

w/o Uncertainty Guidance (Random Refinement) | 77.2 -3.4

w/o Multi-Scale Crops (Orig. Res. only) 78.1 -2.5

w/o Semantic Consistency Score 79.4 -1.2

Table 2: Ablation Study on POPE-Adversarial Split. Each Row Shows the Impact of Removing a Component

Removing the uncertainty guidance leads to a performance drop of 3.4%, validating that blind self-correction is ineffective
and may even introduce noise. Notably, removing the multi-scale cropping mechanism (forcing the model to re-attend
to the original image only) results in a 2.5% drop, supporting our hypothesis that resolution limitations contribute
significantly to initial hallucinations.

Convergence Analysis
We analyze the convergence behavior of our iterative refinement process to understand how uncertainty reduction
translates to accuracy improvements and when diminishing returns emerge.

Uncertainty Reduction

We track the mean uncertainty score v, across refinement iterations. Figure 2(a) shows that uncertainty decreases
monotonically, with pronounced diminishing returns after iteration 2. Quantitatively:

e Initial uncertainty: v, = 0.52 + 0.18

» Final uncertainty: v, = 0.27 £ 0.12

e Total reduction: A, = 0.25 (48.1% decrease)
e Iteration-wise gains: Av, , = 0.14, Au, , = 0.07, Au, , = 0.04
The sharp decrease in the first iteration reflects that many easily-correctable hallucinations are caught immediately
when uncertainty signals are applied. The diminishing returns in subsequent iterations are expected, as remaining
hallucinations are progressively harder to correct.

Convergence Rates

We define convergence as reaching v, < r, = 0.3, indicating that uncertainty has been reduced to an acceptable
threshold. Figure 2(b) shows cumulative convergence rates:

e By iteration 1: 35% of samples converge

e By iteration 2: 68% of samples converge

e By iteration 3: 82% of samples converge

These convergence rates validate that 7 = 3 is a reasonable maximum iteration limit: most samples converge before
this limit, while a small fraction (18%) benefit from additional iterations. This supports the hyperparameter choice in
Section 4.1

Accuracy Improvement Trajectory

Accuracy improvements on POPE-Adversarial follow the uncertainty reduction pattern (Figure 2(b)):
e After iteration 1: 75.9% — 78.7% (+2.8 points, 60% of total gain)

o After iteration 2: 78.7% — 79.8% (+1.1 points, 23% of total gain)

e After iteration 3: 79.8% — 80.6% (+0.8 points, 17% of total gain)

This trajectory confirms that most performance gains occur in early iterations, justifying the computational budget: the
first refinement iteration provides substantial gains with minimal overhead. The stabilization by iteration 3 aligns with
theoretical expectations from Bayesian updating, where posterior beliefs converge as evidence accumulates.

Convergence Analysis on POPE-Adversarial Split
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Convergence Analysis on POPE-Adversarial Split

(a) Uncertainty Decay (b) Accuracy Improvement
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Figure 2: Convergence Analysis on POPE-Adversarial Split

e Uncertainty Decay: Mean uncertainty v, decreases monotonically from 0.52 (iteration 0) to 0.27 (iteration 3), with
diminishing returns after iteration 2. Error bars represent £1 standard deviation.

¢ Accuracy Improvement: Test accuracy improves from 75.9% to 80.6%, with most gains (2.8 points) in the first
iteration. Cumulative convergence rates (percentage of samples reaching v, < 0.3) are overlaid on the right axis.

Interpretation and Implications

The convergence patterns reveal several insights about our framework:

Early-Iteration Efficiency: The concentration of gains in iteration 1 (60% of total accuracy improvement) suggests
that uncertainty-guided targeting is highly effective. Many hallucinations correspond to identifiable uncertainty peaks
that can be resolved with a single round of targeted verification.

Robustness of Threshold: The convergence threshold r, = 0.3 effectively partitions samples into three categories:
(i) easily-correctable (35% by iter 1), (ii) moderately-correctable (33% between iters 1-2), and (iii) difficult cases (18%
requiring iter 3). This natural partitioning validates the threshold design.

Predictable Computational Budget: The predictable convergence curve allows for adaptive iteration strategies. In
practice, sampling techniques (e.g., early stopping at iter 1 for high-confidence corrections, iter 2 for moderate, iter 3
for difficult cases) could reduce the 5x computational overhead while maintaining accuracy gains for high-confidence
samples.

Qualitative Analysis

Beyond quantitative metrics, we examine individual corrections to understand when and why our framework succeeds
or fails. This analysis reveals the mechanisms through which uncertainty-guided re-attention resolves hallucinations and
identifies remaining limitations.

Case Study 1: Small Object Detection

Scenario: Detecting small objects in cluttered scenes (e.g., verifying whether a fork is present on a table with multiple
items).

Baseline Failure: The baseline Qwen2.5-VL-7B, conditioned on the full scene context, predicts P (Yes) = 0.85 due to
scene prior bias (tables typically have utensils). However, the specific fork is absent in this image.

Our Framework'’s Success:

¢ Uncertainty Detection: Token entropy and attention dispersion metrics identify the object-existence claim as
uncertain (v, = 0.62, exceeding threshold r_, = 0.3).

+ Region Identification: The attention map indicates dispersed attention across the table region, consistent with
the model searching but failing to locate a specific object. Our saliency map (Equation 7) identifies the table center
as under-attended relative to edge regions.

* Targeted Re-Examination: A 2.0x magnified crop of the table center is generated, increasing effective resolution.
The VLM, operating on this high-resolution crop without full-scene context, correctly identifies the absence of the
fork.

o Iterative Refinement: The verification response “no fork visible” contradicts the initial claim, triggering Bayesian
posterior update (Section 3.5.3). The model updates P (Yes) from 0.85 — 0.42 (iteration 1) and 0.42 — 0.12
(iteration 2), converging to the correct prediction.

Key Insight: Small object hallucinations arise from resolution limitations during full-image processing. Multi-scale
cropping effectively compensates by increasing relative resolution, enabling detection thresholds to be exceeded. This
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mechanism validates our Scale-Dependent Feature Extraction hypothesis (Section 3.5.2).

Case Study 2: Ambiguity Resolution and Linguistic Hedging

Scenario: Identifying visual attributes under ambiguous conditions (e.g., determining the color of a car partially
obscured by shadow).

Baseline Output: The model produces a definitive but unreliable claim: “The car is black” (confidence = 0.78).

Our Framework’s Improvement:

« Linguistic Uncertainty Detection: Absence of hedging words (“appears”, “possibly”, “seems”) combined with
moderate token entropy (v,,., = 0.41) and low semantic consistency (v, = 0.54, indicating instability across
temperature-sampled outputs) triggers the uncertainty threshold.

 Targeted Verification: The framework generates a crop of the car region and asks: “What is the color of this car,
considering the lighting and shadows?” This verification question explicitly acknowledges ambiguity constraints.

+ Refined Response: Instead of defending the initial claim, the VLM produces a more nuanced response: “The car
appears to be dark-colored, possibly black or dark blue. The exact hue is ambiguous due to the shadow obscuring
the surface.”

Mechanism and Benefit: Our framework converts overconfident hallucinations into appropriately hedged statements
by:

¢ Providing explicit evidence (the cropped region) that creates cognitive dissonance with the initial claim

e Framing verification questions to acknowledge ambiguity constraints

¢ Allowing the model to update its response with uncertainty markers rather than forcing a correction

This addresses a critical limitation of naive self-correction: rather than asking the model to “double-check and correct,”
we provide evidence-guided feedback that leads to genuinely improved outputs. Semantically, converting a wrong
confident claim to a hedged uncertain claim is a significant improvement for downstream applications (e.g., medical
decision-support systems).1

Key Insight: Many hallucinations are not purely fabrications but rather overconfident predictions made when visual
evidence is ambiguous. Our uncertainty-guided framework leverages this by providing evidence and allowing the model
to update its confidence, a more psychologically plausible correction mechanism than demanding a definitive reversal.

Failure Cases and Limitations
While our framework achieves significant improvements, it encounters predictable failure modes:

Attention-Based Region Identification Failures

Failure Mode: When the initial attention distribution fails to provide useful guidance (e.g., the model distributes
attention uniformly across the image or focuses on irrelevant regions), our saliency-based region identification produces
false negatives. The crops generated based on this faulty attention map miss the target object.

Example: A hallucination involving an object in a small peripheral region may not be detected if the model’s initial
attention is concentrated on a central object. The attention map provides no signal about the peripheral region, making
it impossible to generate targeted crops.

Impact on Results: This limitation particularly affects the relation hallucination category (Table 2 ablation: smaller
improvements vs. Attributes). Spatial relationships between objects often require distributed attention, which our
method assumes is present.

Semantic Hallucinations Beyond Visual Re-Attention

Failure Mode: Visual re-attention cannot resolve hallucinations involving high-level semantic reasoning. Examples

include:

¢ Incorrect Action Inference: Model claims a person is “running” when they are “walking” (incorrect semantic
interpretation of similar poses)

* Counterfactual Reasoning: Model generates plausible-but-false cause-effect relation-ships (“The plant is brown
because it is in sunlight” when actually sunlight preserves plant color)

« World Knowledge Errors: Model confuses geographic or historical facts that are not visually apparent

Why Our Method Fails: These hallucinations do not arise from missed visual details but from incorrect semantic
mapping of visible content. Magnifying the image region does not provide new evidence because the problem is
interpretive, not perceptual. Bayesian updating on irrelevant evidence does not correct the underlying semantic error.

Impact on Results: Semantic hallucinations (Relation category: 5.4 point improvement vs. 12.2 for Attributes) show

modest gains, confirming this limitation. Our ablation (Table 2) shows that removing multi-scale crops hurts performance
more for Attribute tasks (which are perceptual) than for Relation tasks (which are semantic).
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Implications for Future Work

These failure modes motivate three directions:

* Text-Guided Cropping: Instead of relying on initial attention, generate crops guided by the natural language
claim itself. For instance, if the model claims “a person is running near the tree,” explicitly crop regions around
detected human and tree locations.

+ Multi-Modal Verification: Augment visual verification with external knowledge bases (e.g., Wikidata for factual
claims) to address world knowledge hallucinations.

+ Semantic Reasoning Modules: Integrate reasoning-focused components (e.g., VQA specialists) to handle action
inference and causal reasoning, treating them as separate from perceptual hallucinations.

¢ Hybrid Uncertainty Metrics: Develop uncertainty signals specifically tuned to semantic reasoning tasks, potentially
including syntactic analysis or symbolic grounding.

Discussion

Why Visual Re-Attention Reduces Hallucinations

Our proposed framework demonstrates that many hallucinations arise not from fundamental model limitations but from
insufficient visual attention during initial generation. The attention redistribution hypothesis suggests that by forcing the
model to examine under-attended regions through cropping and magnification, we can recover information that was
present in the image but not adequately processed.

This implies that VLMs possess greater perceptual capabilities than their standard outputs suggest, and that hallucinations
often reflect attention allocation failures rather than complete absence of relevant visual features.

Multi-Dimensional Uncertainty in Multimodal Reasoning

Our multi-dimensional uncertainty quantification combines complementary signals that capture different aspects of
model confidence. Each signal captures a different failure mode:

+ Token entropy identifies fabrication where the model lacks knowledge

¢ Attention dispersion detects claims lacking visual support

¢ Semantic consistency reveals instability across samples

¢ Linguistic markers expose the model’s own explicit hedging

The success of this combination stems from their complementary nature, providing a more robust hallucination detection
signal than any single metric alone.

Training-Free vs. External Verification

Our training-free approach offers several advantages over methods requiring external models. First, it eliminates
architectural dependencies and ensures that all information used for correction comes from the VLM itself. Second, it
avoids domain mismatch between pretrained object detectors and the specific images being processed. Third, it requires
no additional training data or model parameters.

However, we acknowledge that external verification methods may achieve higher absolute accuracy by leveraging
specialized models trained for specific tasks [7]. Our framework should be viewed as a complementary approach,
offering a favorable accuracy-complexity trade-off for scenarios where training-free deployment is essential.

Computational Trade-offs

Each refinement iteration requires multiple forward passes. For 7 = 2 and kK = 2, this translates to approximately 8x
computational cost compared to direct generation (1 initial + 3 semantic samples + 2 x 2 verification crops). On an
A100 GPU, baseline inference takes =~ 3 second per sample, while our framework requires =~ 8 seconds.

Future work can optimize this through batch processing, adaptive iteration counts, and KV-cache reuse.

Limitations and Scope

While our framework demonstrates significant improvements in hallucination mitigation, we acknowledge several

important limitations that define the scope of our contribution:

¢ Computational Cost: The 8x computational overhead (8 seconds vs 3 second per sample on A100 GPU) limits
applicability to real-time interactive systems. This trade-off is acceptable for accuracy-critical applications such as
medical image analysis, legal document processing, and scientific figure interpretation, but unsuitable for latency-
sensitive deployments. Future optimizations through batch processing, adaptive iteration strategies, and KV-cache
reuse could reduce this overhead while maintaining accuracy gains.

¢ Single Architecture Evaluation: Our empirical validation focuses exclusively on Qwen2.5-VL-7B. While we provide
theoretical foundations suggesting the approach should generalize to other VLM architectures with accessible
attention weights and token probabilities, this generalization requires empirical validation. Different architectures
may exhibit varying attention patterns, uncertainty characteristics, and optimal hyperparameter configurations.
Validating cross-architecture generalization remains critical future work.

+ Semantic Hallucination Limitations: Our method achieves modest improvements (5.4 percentage points) on
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semantic hallucinations compared to substantial gains (12.2 points) on perceptual hallucinations. This asymmetry
reveals that visual re-attention alone is insufficient for hallucinations involving high-level reasoning, action inference,
or world knowledge errors. These failure modes require complementary approaches such as external knowledge
integration or specialized reasoning modules.

e Hyperparameter Sensitivity: Our framework requires tuning of uncertainty thresholds (z , r_,) and aggregation
weights (a,). While we provide recommended values based on theoretical analysis and validation on Qwen2.5-VL-
7B, optimal configurations may vary across models, domains, and tasks. Automated hyperparameter optimization
or adaptive threshold selection could improve robustness.

* Attention-Based Failure Modes: When the initial attention distribution provides uninformative guidance (e.g.,
uniform attention or focus on irrelevant regions), our saliency-based region identification may miss target objects.
Alternative cropping strategies guided by textual claims or object detection priors could mitigate this limitation.

Despite these limitations, our work establishes the viability of uncertainty-guided visual re-attention as a training-free
hallucination mitigation strategy and provides a foundation for future research in self-correcting multimodal systems.

Conclusion

We introduced a training-free, uncertainty-guided self-correction framework for vision-language models. By combining
multi-dimensional uncertainty quantification with strategic re-examination of under-explored image regions, our method
achieves significant hallucination reduction and accuracy improvements on established benchmarks without requiring
external models or additional training.

Our empirical results on POPE and MMHAL-BENCH confirm that VLMs contain latent self-correction capabilities that
can be unlocked without external supervision. The 4.7% improvement in adversarial accuracy (from 75.9% to 80.6%)
demonstrates the practical effectiveness of uncertainty-guided visual re-attention. While computational cost remains a
trade-off, the significant gain in reliability makes this approach a viable solution for safety-critical applications.

Future work will focus on:

e Validating generalization across diverse VLM architectures (LLaVA, Flamingo, GPT-4V) to establish broader
applicability,

e Optimizing iteration efficiency through adaptive stopping criteria and batch processing to reduce the 8x compu-
tational overhead,

¢ Extending the approach to video domains with temporal consistency constraints,
Integrating text-guided cropping strategies and external knowledge bases to address semantic hallucinations, and
Developing automated hyperparameter optimization methods for improved cross-domain robustness.

We release our code, implementation guidelines, and experimental data to facilitate future research in trustworthy
multimodal systems and Al self-correction.

Reproducibility Statement

To facilitate future empirical validation and research, we provide detailed algorithmic speci-fications at https://github.
com/kassoumsanogol/self-correcting-vim-re-Attention. git.

The repository includes:

* Complete algorithmic specifications for uncertainty quantification, visual re-attention, and iterative refinement
Proposed evaluation protocols for POPE and MMHAL-BENCH benchmarks

Implementation guidelines for Qwen2.5-VL 7B integration

Recommended hyperparameter configurations

Detailed theoretical analysis and expected performance characteristics

All proposed experiments can be conducted using publicly available Qwen2.5-VL 7B model on Hugging Face and standard
benchmarks, ensuring full reproducibility without requiring proprietary resources.
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Footnote
'In medical imaging, a hedged diagnosis (“likely pneumonia, though other conditions cannot be ruled out”) is far
preferable to a confident misdiagnosis.
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