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Abstract001

The ability to accurately assess and cali-002
brate the confidence of large language mod-003
els (LLMs) is critical for improving their per-004
formance in real-world applications. While005
much progress has been made in confidence006
calibration for text-only models, the challenge007
remains underdeveloped in multimodal large008
language models (MLLMs), which often suffer009
from hallucinations and poorly calibrated con-010
fidence due to factors such as visual ambiguity011
and the presence of rare entities. This research012
aims to tackle the problem of confidence mis-013
calibration in MLLMs by proposing a novel014
two-stage framework. The first stage focuses015
on analyzing dataset characteristics, such as016
contradiction rates and entity rarity, which con-017
tribute to task difficulty. The second stage in-018
volves fine-tuning the model to better estimate019
confidence and reduce hallucinations. Our ap-020
proach improves the reliability of confidence021
estimates and significantly reduces hallucina-022
tion rates, offering a step forward in developing023
more trustworthy multimodal models.1024

1 Introduction025

Large Language Models (LLMs) (Touvron et al.,026

2023; Zhao et al., 2023a) have made significant027

breakthroughs in natural language understanding,028

generation, and reasoning (Hendrycks et al., 2020;029

Zhu et al., 2023; Qiao et al., 2022). Building on030

their success, Multimodal Large Language Models031

(MLLMs) are emerging as a new frontier, enabling032

models to process and reason over visual-text in-033

puts.034

Despite recent advances, MLLMs still struggle035

with output reliability, often generating hallucina-036

tions and expressing unwarranted confidence on037

visually unfamiliar or ambiguous inputs (Li et al.,038

2023; Yu et al., 2024). As shown in Figure 1, their039

1Our code is available at https://anonymous.4open.
science/r/rllava-DF3C

Figure 1: Calibration histograms of LLaVA on two
datasets. Bars above the diagonal show underconfi-
dence; below show overconfidence. Misalignment is
most visible under contradiction subset. Lower ECE
indicates better calibration.

confidence is poorly calibrated—especially on con- 040

tradiction subsets—revealing a clear mismatch be- 041

tween confidence and accuracy. Although LLMs 042

have made progress in calibration (Xu et al., 2024; 043

Zhang et al., 2024), recent studies show that these 044

text-only techniques do not transfer well to the 045

multimodal setting. (Xuan et al., 2025) find that 046

MLLMs exhibit modality-dependent miscalibra- 047

tion, driven by factors such as visual ambiguity, 048

entity rarity, and image–text misalignment—issues 049

not addressed by standard LLM calibration meth- 050

ods. These observations highlight a critical gap: 051

MLLMs lack calibration mechanisms that explic- 052

itly incorporate visual uncertainty and multimodal 053

contradiction patterns. 054

We posit that reinforcement learning (RL) can 055

be leveraged to enhance model alignment, thereby 056

improving confidence estimation in LLMs. Con- 057

current work supports this view, showing that RL 058

helps align model outputs with human preferred 059

behaviors without introducing fundamentally new 060
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reasoning capabilities (Shao et al., 2024; Yue et al.,061

2025). Moreover, previous research indicates that062

LLMs possess a degree of self-knowledge, the abil-063

ity to assess their own uncertainty, even if not yet064

at the human level (Yin et al., 2023; Kadavath et al.,065

2022). Therefore, we aim to explore whether RL066

can be repurposed to amplify these innate confi-067

dence signals by rewarding calibration and penaliz-068

ing over or under confidence, thus enhancing epis-069

temic self-awareness and mitigating hallucinations.070

Building on these insights, we propose a frame-071

work for confidence estimation and hallucination072

mitigation in MLLMs. The process unfolds in073

two stages. In Stage One, we sample multiple074

model responses to construct better–worse answer075

pairs and, based on these comparisons, partition 14076

multimodal datasets into entailment, neutral, and077

contradiction subsets. We then apply Named En-078

tity Recognition (NER) (Yan et al., 2021; Li et al.,079

2020) to decompose the better responses and an-080

alyze the entity distribution across approximately081

80,000 examples, defining dataset difficulty levels082

by considering entity rarity. Notably, we observe083

a strong correlation between entity rarity and con-084

tradiction proportion, indicating that datasets with085

rarer entities and higher proportions of contradic-086

tion cases are more challenging and generally corre-087

spond to lower model performance. In Stage Two,088

(1) we finetune the model via supervised learning089

on the Stage-One data, encouraging it to produce090

explicit confidence estimates; (2) we apply GRPO091

(Shao et al., 2024) with a difficulty-guided reward092

scheme to further calibrate the model’s confidence093

outputs while steering it toward more factual re-094

sponses. Experimental results show that our model095

achieves well-calibrated confidence estimates and,096

through fine-grained reward guidance, substantially097

reduces overall hallucination rates.098

Our contributions are summarized as follows:099

• We build better–worse pairs for 14 datasets, split100

them into entailment, neutral, contradiction, and101

derive a rarity-based difficulty score from about102

80k NER-parsed answers.103

• SFT first teaches the model to produce calibrated104

confidence scores, and GRPO further aligns these105

scores with factual accuracy to suppress hallu-106

cinations. With our Dataset-aware, difficulty-107

guided reward yielding more reliable calibration108

and lower hallucination rates.109

2 Related Works 110

2.1 LLM Alignment 111

Aligning LLMs with human intent has become a 112

critical step in building trustworthy AI systems. 113

Recent alignment pipelines follow a multi-stage 114

training paradigm, starting with SFT (Chung et al., 115

2024) and followed by RLHF optimization (Bai 116

et al., 2022). In the RLHF stage, we adopt the 117

Group Relative Policy Optimization (GRPO) al- 118

gorithm (Shao et al., 2024) as the core and in- 119

tegrate two key ideas from Decoupled Clip and 120

Dynamic Sampling Policy Optimization (DAPO) 121

(Yu et al., 2025a): A fine-grained and difficulty- 122

guided reward that gives lower reward for sim- 123

ple questions and higher reward when correctly 124

answering harder ones, and Clip-Higher strategy 125

(εlow = 0.2, εhigh = 0.28) to expand exploration 126

of low-probability tokens and prevent entropy col- 127

lapse. 128

2.2 Confidence Estimation in LLMs 129

Estimating the confidence of multi-token LLM 130

outputs poses a significant challenge (Zhou et al., 131

2024). Prompt-based strategies generally fall into 132

two categories: directly prompting the model to 133

produce confidence scores (Tian et al., 2023) and 134

leveraging the consistency across multiple gener- 135

ated responses as a proxy for confidence (Kadavath 136

et al., 2022; Xiong et al., 2023). R-Tuning ap- 137

pends I am sure/unsure to responses for binary con- 138

fidence estimation, but this provides only coarse- 139

grained judgment over the whole answer (Zhang 140

et al., 2024). Our method extends this to the atomic 141

fact level, enabling fine-grained uncertainty esti- 142

mation. We also adopt the approach from SaySelf 143

(Xu et al., 2024), appending an overall confidence 144

estimate at the end of the final answer. 145

2.3 Hallucination Reduction in MLLMs 146

Several prior works have explored strategies to 147

mitigate hallucination in MLLMs. Less-is-more 148

(Yue et al., 2024) reduces hallucination by se- 149

lectively decoding only the most confident ob- 150

jects, while VCD (Leng et al., 2024) suppresses 151

unfaithful generations by contrasting model out- 152

puts with distorted distributions. OPERA (Huang 153

et al., 2024) introduces a decoding-time penalty 154

on over-trusted summary tokens and reallocates 155

attention retrospectively. HA-DPO (Zhao et al., 156

2023b) formulates hallucination mitigation as a 157

preference optimization task by training models to 158
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1. The image features a young boy in a verdant park. I'm 

sure.

2. The boy is wearing a white t-shirt. I'm sure.

3. The boy is wearing a vibrant red baseball cap. I'm sure.

4. The boy's right arm is extended to catch a ball. I'm sure.

5. A ball is hovering above the boy's outstretched hand. 

I'm sure.

……

My overall confidence is : 1.0
SFT-Data

Better

Worse

Entailment

Neutral

(Ⅰ) Self-Verification Sampling (Ⅱ) Semantic Voting

(Ⅲ) Categorical  Evaluation

Explain the image's 

various components 

in depth.

Better Response

…… He's dressed casually in a white t-

shirt and a vibrant red baseball 

cap …… His right arm is extended, 

poised to catch a ball ……

Worse Response

In the image, a young boy is the main 

focus …… The boy is in action, 

throwing a baseball glove with great 

enthusiasm ……

Atomic Fact Confidence Labeling

Contradiction

0.3

0.5

0.2

0.3
Contradiction

(Ⅳ) Response Entity Analysis

"a verdant park“……."white t-

shirt", "vibrant red baseball 

cap", "ball", "park“…….
Rarity Score

Contradiction 

Ratio

Correlation

Figure 2: Stage One: Fine-Grained Dataset Analysis. Outputs are used to guide reward computation in Stage Two.

prefer non-hallucinatory responses, and RLAIF-V159

(Yu et al., 2025b) further extends this idea in a fully160

open-source setting using self-generated feedback.161

While HA-DPO and RLAIF-V rely on offline pref-162

erence data and standard RL pipelines, they lack163

finer-grained control over sample selection and gra-164

dient quality. In contrast, DAPO (Yu et al., 2025a)165

decouple generation from optimization, introduc-166

ing mechanisms such as dynamic sampling to im-167

prove training stability and efficiency. We draw on168

the idea of dynamic sampling from DAPO.169

3 Methodology170

3.1 Fine-Grained Dataset Analysis171

As illustrated in Figure 2, Stage One establishes a172

fine-grained analysis for downstream optimization.173

Self-Verification Sampling For each query, we174

first generate ten candidate answers. Then, for each175

candidate answers, we conduct a secondary self-176

verification step: the model is queried ten times to177

assess the correctness of the answer. Thus, each178

QA pair receives 10 verification votes. Based on179

the aggregated votes (majority voting), the QA pair180

is finally classified as True or False.181

Semantic Voting For each question, after obtain-182

ing the True/False labels of the ten QA pairs, we183

calculate the semantic similarity between the origi-184

nal question and each answer. Specifically, among185

the answers labeled as True, we identify the one186

with the highest semantic similarity to the original187

question and define it as the Better answer. Mean- 188

while, for the answers marked as False, we pick the 189

one with the lowest semantic similarity to the orig- 190

inal question and classify it as the Worse answer. 191

Categorical Evaluation To assess the factual 192

alignment of model responses, we prompt an ex- 193

pert model (GPT-4o) to compare paired Better and 194

Worse answers against the original question. The 195

full prompt used for this categorical judgment is 196

provided in Appendix A.8. Each response pair 197

is classified into one of three categories, and we 198

report the distribution across the dataset. Three 199

categories are defined as follows: 200

• Entailment: The Better and Worse responses 201

express closely aligned meanings; there is sub- 202

stantial agreement or factual overlap. 203

• Contradiction: The Better and Worse responses 204

are in clear conflict, presenting information that 205

is mutually exclusive or directly opposed. 206

• Neutral: The Better response neither agrees nor 207

disagrees with the Worse response (vague, irrel- 208

evant, or provides information that cannot be 209

directly compared). 210

Response Entity Analysis Apply NER to decom- 211

pose the Better responses and collect entity occur- 212

rences in about 80k examples. We define three 213

metrics: 214

• AvgEntityCount The average number of entities 215

contained in each response. A higher value indi- 216
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(I) SFT

Base Model

SFT Model

Can you point out the 

details that make this 

image unique?

Base Model

The image features a young girl 

wearing a purple umbrella hat, 

which is a creative and unusual 

accessory. She is posing for the 

photo, likely enjoying the fun and 

quirky vibe of the umbrella hat. 

Another person can be seen in the 

background, possibly observing or 

interacting with the girl. The scene 

also includes a handbag placed 

near the main subject, adding to 

the overall atmosphere of the 

image.

1.The image captures a young 

girl holding a purple umbrella. 

I'm sure.

2.The umbrella is open on a 

sunny day. I'm sure.

3.The girl is wearing a white shirt 

with a picture of a cat on it. I'm 

sure.

4.The image features another 

person in the background 

walking on the sidewalk. I'm sure.

5.A handbag is also visible in the 

scene. I'm sure.

My overall confidence is : 0.9

SFT Model

1.The image features a young girl 

holding a purple umbrella. I'm sure.

2.The umbrella is a prominent 

element in the scene. I'm sure.

3.The young girl is standing 

outdoors. I'm sure.

4.There are other people with a 

handbag in the image. I'm sure.

5.The ground is wet, it might be 

raining or has recently rained. I'm 

sure.

6. The girl is wearing a white shirt 

with a animal. I’m not sure.

My overall confidence is : 0.7

GRPO Model

(Ⅱ) RL

LLM Policy

Reference 

Model

reward 

calculation

Group

Computation

Rollout Fine-grained reward Advantage

KL
𝑦1
𝑦2
𝑦3
…
𝑦𝐺

𝑟1
𝑟2
𝑟3
…
𝑟𝐺

𝐴1
𝐴2
𝐴3
…
𝐴𝐺

Figure 3: Stage Two: Difficulty-guided Reinforcement Optimization and Confidence Calibration. The model is first
initialized via uncertainty-aware SFT on a small subset, then optimized using GRPO with LoRA.

cates that each response involves more entities,217

suggesting a denser semantics.218

• AvgEntityRarity The average corpus frequency219

of entities in each response, reflecting their rarity220

in the dataset. Lower values indicate the presence221

of rarer, long-tail entities.222

• RarityScore Defined as the ratio between entity223

richness and entity frequency. A higher score224

indicates responses contain more rare entities,225

suggesting greater task difficulty and a higher226

likelihood of hallucination.227

AvgEntityCount = 1

N

N∑
i=1

∣∣neri∣∣ (1)228

AvgEntityRarity =

∑N
i=1

∑
e∈neri

count(e)∑N
i=1|neri|

(2)229

RarityScore =
AvgEntityCount

AvgEntityRarity · log(N + 10)
(3)230

where N is the total number of data in the231

dataset, |neri| is the number of entities extracted232

from the i-th response, and count(e) denotes the233

number of times entity e appears in the corpus.234

Correlation Analysis All dataset statistics are235

summarized in Table 1. We observe a clear nega-236

tive correlation between AvgEntityRarity and the237

proportion of contradiction cases across datasets,238

with a Pearson correlation coefficient of r = −0.65239

and a statistical significance of p = 0.0118. This240

finding indicates that datasets with rarer entities are 241

more likely to yield contradiction cases. 242

3.2 Difficulty-guided Confidence Calibration 243

To enhance epistemic self-awareness and mitigate 244

hallucinations, this stage integrates uncertainty- 245

aware supervised fine-tuning with GRPO-based 246

reinforcement learning under a difficulty-guided 247

reward framework, depicted in Fig 3. 248

SFT We sample a subset from the training split to 249

finetune the model for uncertainty expression and 250

confidence calibration (Appendix A.3 for details). 251

RL Our GRPO loss is presented in the following 252

formula. 253

JGRPO(θ) = E(q,a), {oi}Gi=1∼πθold
(·|q)

[
1

G

G∑
i=1

1

|oi|

|oi|∑
t=1

254

min
(
ri,t(θ) Âi,t, clip(ri,t(θ), 1−εlow, 1+εhigh) Âi,t

)
255

− β DKL(πθ ∥πref)

]
(4) 256

Here, ri,t is the token-level probability ratio be- 257

tween new and old policies, and Âi,t is the normal- 258

ized group-wise advantage. We use a larger clip- 259

ping range for stability and a KL regularization to 260

better constrain policy drift. We apply GRPO with 261

Lora to calibrate the model’s confidence estimates 262

and improve factual accuracy, which depicted in 263
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Datasets Type Num
Samples

Avg
Entities

Avg Rare
Entities

Entailment
%

Contradiction
%

Neutral
%

Rarity
Score

OCR-VQA QA 3025 2.30 33.58 63.37 25.19 11.44 85.42
TextVQA QA 4740 2.58 167.17 52.81 30.40 16.79 18.23
OK-VQA QA 14802 3.51 273.18 70.23 15.76 14.01 13.37
GQA QA 5411 3.21 496.27 66.64 20.99 12.36 7.52
VQAv2 QA 12942 2.94 476.80 72.01 16.88 11.11 6.51

Sg4V-TVQA Detail 1966 4.03 90.92 34.69 36.27 29.04 58.53
Sg4V-WLand Detail 1918 5.06 185.45 57.87 18.40 23.72 36.07
LCS-558K Detail 15956 4.65 234.78 43.67 29.38 26.95 20.46
G-Landmark Detail 1079 4.87 273.25 69.79 13.44 16.77 25.48
ART500K Detail 1096 4.95 317.92 58.39 17.52 24.09 22.21
COCO Detail 15199 5.18 374.59 47.98 21.05 30.98 14.36
Sg4V-Wiki Detail 1972 5.23 380.97 43.81 26.98 29.21 18.08
Sg4V-WCeleb Detail 1895 4.95 543.13 35.62 32.36 32.02 12.06
MovieNet Detail 1131 3.76 615.36 54.11 13.23 32.67 8.67

Table 1: Statistical characteristics of 14 datasets. Sg4V = ShareGPT4V; TVQA = TextVQA; WLand = Web-
Landmark; WCeleb = Web-Celebrity; Wiki = WikiArt; G-Landmark = Google-Landmark.

Figure 4: Heatmap visualization of the four dynamically
computed coefficients (α, β, γ, δ) across 14 datasets.
Dataset names on the x-axis are ordered consistently
with Table 1.

Figure 3. The procedure for computing the reward264

is summarized in Algorithm 1.265

Dynamic Parameter Mapping To enable adap-266

tive optimization across datasets of varying dif-267

ficulty, we derive four dynamic coefficients268

(α, β, γ, δ) from the fine-grained statistics com-269

puted in Stage One. For each dataset, we collect270

statistics such as the average entity count(Eq 1),271

entity rarity(Eq 2), dataset size, and the proportion272

of contradiction. These indicators are normalized273

across datasets and jointly used to characterize both274

the rarity of entities and the likelihood of contra-275

diction. The normalized measures are then trans-276

formed through bounded nonlinear functions to277

obtain the four coefficients: α for factual accuracy,278

β for confidence alignment, γ for local–global con-279

sistency, and δ for over-/under-confidence penalty.280

The full mapping procedure and transformation281

details are provided in Appendix A.1.282

Dynamic Coefficient Interpretation Four dy-283

namic coefficients are introduced in Figure 4.284

• Factuality reward (α): Encourages accurate 285

and confident outputs. Set higher for simple 286

datasets (VQAv2) and reduced for conflict-prone 287

ones (sharegpt4v-textvqa). 288

• Claim Confidence alignment reward (β): En- 289

courages alignment between correctness and 290

claim-level confidence. Increased for datasets 291

with high entity rarity and contradiction ( 292

sharegpt4v-textvqa) to strengthen calibration. 293

• Consistency reward (γ): Measures coherence 294

between averaged claim-level and overall confi- 295

dence. Higher for datasets with internal inconsis- 296

tencies (TextVQA); relaxed for cleaner ones. 297

• Misalignment penalty (δ): Penalizes devia- 298

tion between overall confidence and expert- 299

labeled correctness. Elevated for high-risk tasks 300

(OCR-VQA) to enforce confidence estimation. 301

Reward Term Interpretation The final reward 302

R consists of four components: 303

• Factual correctness (
∑

i α · ĉi): encourages the 304

model to generate factually correct claims, where 305

ĉi ∈ {0, 1} indicates expert-verified correctness. 306

• Confidence alignment (
∑

i β · mi): measures 307

the match between expert-labeled correctness ĉi 308

and the model’s expressed confidence si, derived 309

from phrases I’m sure(1.0) or I’m not sure (0.0). 310

• Local–global consistency (γ · (1− |o− s̄|)): en- 311

sures tie between the overall declared confidence 312

o and the mean confidence levels of claims s̄. 313

• Confidence–accuracy penalty (−δ ·|o−oexpert|): 314

penalizes discrepancies between the model’s 315

overall confidence and expert-judged correctness 316

oexpert, discouraging over or under-confidence. 317
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Algorithm 1 Difficulty-guided Reward Compute
Require: Model outputs
Ensure: Reward scores for each sample
1: for (x, y, d) in (prompts, answers, datasets) do
2: (α, β, γ, δ)← Dynamic_parameters(d)
3: Extract claims {(ci, si)} from answer y
4: for each claim (ci, si) do
5: Query expert model to obtain label ĉi ∈ {0, 1}
6: Confidence alignment mi = 1− |ĉi − si|
7: end for
8: Compute mean confidence s̄ = 1

N

∑
i si

9: Compute local consistency cons = 1− |o− s̄|
10: Query for global correctness oexpert

11: Weighted correctness: w = 1
N

∑
i(α · ĉi + β ·mi)

12: Final reward: R = w + γ · cons− δ · |o− oexpert|
13: AppendR to total rewards
14: end for
15: return reward score

4 Experiments318

4.1 Datasets319

We evaluate our method on 14 datasets ( (Mishra320

et al., 2019; Singh et al., 2019; Marino et al.,321

2019; Hudson and Manning, 2019; Goyal et al.,322

2017; Chen et al., 2024; Liu et al., 2023b; Weyand323

et al., 2020; Mao et al., 2019; Lin et al., 2014;324

Huang et al., 2020) ) including both QA and detail-325

oriented tasks. The datasets are summarized in326

Table 1. We partition each dataset into training and327

test sets, with the training set used for SFT and the328

test set reserved for evaluation.329

4.2 Evaluation Metrics And Baseline330

For calibration, following previous studies (Tian331

et al., 2023), we report the ECE and AUROC. For332

hallucination evaluation, we adopt the MMHal333

benchmark (Sun et al., 2023) and ObjHalBench334

(Rohrbach et al., 2018), measuring both response-335

level and object-level hallucination rates. In addi-336

tion, we compare a training-based calibration base-337

line, R-Tuning (Zhang et al., 2024), and a training-338

free baseline, VCAP (Xuan et al., 2025). The re-339

production details of R-Tuning and the prompts340

used for VCAP are provided in the Appendix A.4.341

4.3 Confidence-Estimation Protocols342

Following previous studies (Xu et al., 2024), we ex-343

periment with four strategies to extract a confidence344

score from MLLMs. These methods can be cate-345

gorized into two groups: (1) Probability-based346

methods, including Direct-Probability (DP) and347

Self-Consistency (SC), and (2) Verbalized-based348

methods, including Robust Prompting for Correct-349

ness (PC-R) and Verbalised Confidence (VC).350

Direct–Probability (DP) Following SaySelf (Xu 351

et al., 2024), we compute confidence based on the 352

model’s next-token distribution. Specifically, given 353

the input question and image, we perform a sin- 354

gle forward pass and extract the logits of the final 355

generated token. A softmax is applied over the 356

vocabulary, and the highest probability maxj pj 357

is taken as the model’s confidence for the entire 358

answer. 359

Self-Consistency (SC) Sample k candidate an- 360

swers, embed them and cluster by cosine simi- 361

larity (≥ 0.8), and define confidence as the frac- 362

tion of samples that fall into the largest cluster: 363

c = |Cmax|/k. This score approximates the epis- 364

temic certainty of the model under sampling noise. 365

Robust Prompting for Correctness (PC-R) We 366

issue paraphrased correctness prompts and con- 367

sider multiple affirmative and negative tokens (Yes, 368

True, No, False). The final confidence is calcu- 369

lated as c = pYes+pTrue
pYes+pNo+pTrue+pFalse

, where pYes and 370

pTrue are the highest probabilities assigned to any 371

affirmative token in all prompts. 372

Verbalised Confidence (Verbal) This method 373

directly asks the model to output a number between 374

0 and 1 that reflects its self-reported confidence. 375

The exact prompt used for extracting this verbal 376

confidence is provided in Appendix A.8. 377

5 Results and Discussion 378

5.1 Confidence Calibration Performance 379

Table 2 reports the ECE and AUC of different 380

stage models. We observe that: (1) From LLaVA 381

to LLaVA-SFT and LLaVA-RL, the AUC scores con- 382

sistently improve while ECE scores decrease, indi- 383

cating that both SFT and RL effectively enhance 384

the model’s confidence calibration and discrim- 385

inative ability. (2) Among the three inference 386

types, Entailment is the easiest to detect, while 387

Contradiction and Neutral are more challeng- 388

ing, especially for the base LLaVA model. However, 389

with RL, the model shows significantly improved 390

discrimination ability across all categories, espe- 391

cially on harder cases, indicating enhanced confi- 392

dence awareness and self-reflective capability. (3) 393

Calibration methods that utilize Verbalized-based 394

confidence expression (PC-R and Verbal) consis- 395

tently outperform those relying solely on probabil- 396

ity outputs (DP and SC), indicating that verbalized 397

uncertainty better aligns with the model’s internal 398
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Model Method
Text-VQA(QA) sharegpt4v-textvqa(Detail)

Entailment Contradiction Neutral Entailment Contradiction Neutral
ECE↓ AUC↑ ECE↓ AUC↑ ECE↓ AUC↑ ECE↓ AUC↑ ECE↓ AUC↑ ECE↓ AUC↑

LLaVA

DP 0.418 0.396 0.436 0.390 0.406 0.290 0.311 0.428 0.278 0.508 0.355 0.638
SC 0.365 0.687 0.353 0.632 0.316 0.624 0.291 0.512 0.292 0.452 0.283 0.636
PC-R 0.399 0.336 0.423 0.441 0.342 0.401 0.202 0.550 0.287 0.539 0.240 0.586
Verbal 0.346 0.573 0.435 0.525 0.361 0.495 0.301 0.383 0.385 0.519 0.306 0.398
VCAP 0.431 0.548 0.498 0.507 0.448 0.581 0.515 0.256 0.551 0.487 0.487 0.589

LLaVA
SFT

DP 0.281 0.517 0.342 0.486 0.241 0.524 0.153 0.486 0.177 0.437 0.180 0.338
SC 0.342 0.583 0.343 0.572 0.314 0.549 0.241 0.525 0.318 0.502 0.287 0.611
PC-R 0.307 0.527 0.328 0.529 0.271 0.478 0.161 0.578 0.181 0.447 0.163 0.696
Verbal 0.299 0.497 0.348 0.515 0.310 0.435 0.157 0.519 0.176 0.562 0.197 0.482
VCAP 0.351 0.541 0.413 0.492 0.359 0.462 0.362 0.500 0.392 0.424 0.362 0.502

LLaVA
R-Tuning

DP 0.445 0.493 0.473 0.490 0.471 0.472 0.385 0.459 0.378 0.489 0.426 0.482
SC 0.324 0.651 0.379 0.591 0.334 0.651 0.207 0.630 0.277 0.525 0.210 0.602
PC-R 0.447 0.600 0.477 0.497 0.473 0.356 0.451 0.523 0.562 0.403 0.492 0.512
Verbal 0.464 0.578 0.523 0.551 0.520 0.554 0.485 0.571 0.551 0.476 0.542 0.539
VCAP 0.315 0.531 0.394 0.532 0.325 0.531 0.322 0.461 0.393 0.530 0.353 0.513

LLaVA
RL

DP 0.241 0.560 0.286 0.525 0.208 0.554 0.125 0.686 0.143 0.626 0.131 0.652
SC 0.282 0.627 0.305 0.570 0.246 0.603 0.157 0.681 0.210 0.688 0.207 0.645
PC-R 0.281 0.543 0.288 0.616 0.243 0.597 0.162 0.760 0.179 0.777 0.184 0.743
Verbal 0.237 0.650 0.296 0.611 0.219 0.596 0.171 0.711 0.132 0.779 0.147 0.791
VCAP 0.261 0.655 0.325 0.553 0.279 0.542 0.285 0.635 0.326 0.716 0.308 0.680

Table 2: Comparison of ECE and AUC performance across different stage models and confidence estimation
methods on QA and Detail tasks. LLaVA R-Tuning refer to (Zhang et al., 2024), VCAP refer to (Xuan et al., 2025)

Method Size MMHal ObjHal
Score↑ Hall.↓ Rsp.↓ Obj.↓

VCD 7B 2.12 0.54 48.80 24.30
Less-is-more 7B 2.33 0.50 40.30 17.80
OPERA 7B 2.15 0.54 45.10 22.30
HA-DPO 7B 1.98 0.60 39.90 19.90
POVID 7B 2.08 0.56 48.10 24.40
RLAIF-V 7B 2.95 0.32 10.50 5.20

LLaVA 7B 1.58 0.72 57.14 28.67
SFT-LLava 7B 1.99 0.65 24.11 13.08
Base-LLaVA 7B 2.23 0.54 36.50 19.81
Base-SFT 7B 3.01 0.37 7.33 4.07

GPT-4V - 3.49 0.29 13.60 7.30

Table 3: Hallucination performance across MMHal and
ObjHal. We report both response-level (Rsp.) and
object-level (Obj.). Hall.: Hallucination Rate. The best
results are shown in bold, while underlined indicates
the second-best.

representations and leads to more stable and re-399

liable performance across different subset types.400

This is consistent with Tian et al. (2023). The other401

datasets results in A.5.402

5.2 Hallucination Reduction403

We train a GRPO adapter on the SFT-tuned back-404

bone (SFT-LLaVA) and evaluate it under two in-405

ference configurations: (i) reattaching the adapter406

to the original LLaVA backbone (Base-LLaVA), (ii)407

retaining it on the aligned SFT-LLaVA backbone408

(Base-SFT). As shown in Table 3, both GRPO vari-409

ants achieve substantial reductions in hallucina-410

tion rates across MMHal-Bench and Object Hal-411

Bench. Notably, while SFT alone significantly im- 412

proves response factuality, applying GRPO on top 413

of it yields further gains, particularly under con- 414

figuration (ii), where backbone–adapter alignment 415

is preserved. It should be noted that our method 416

achieves performance comparable or even superior 417

to RLAIF-V (Yu et al., 2025b) using over 1,200 418

examples for GRPO, whereas RLAIF-V relies on 419

over 10,000 examples for DPO training, demon- 420

strating the sample efficiency of our approach. 421

5.3 Dynamic Reward Ablation 422

Figure 5: Average performance on two types of datasets
under fixed and dynamic reward settings.

As shown in Figure 5, adopting dynamic 423

reward coefficient strategies consistently yields 424

better performance compared to fixed settings 425
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(α=β=γ=δ=1), when evaluated on the aggre-426

gated QA and Detail datasets. In both evaluation427

types, dynamic settings lead to noticeable AUC428

improvements, with the most pronounced gain ob-429

served for the verbal method on QA tasks (+0.116).430

Meanwhile, ECE values either decrease or remain431

comparable, suggesting that dynamic reward tun-432

ing not only enhances discriminative ability but433

also maintains or improves model calibration.434

5.4 Calibration Behaviour in RL Training435

The calibration behavior evolves in a non-436

monotonic manner throughout RL training, shaped437

by the dynamic interplay among reward clarity, pa-438

rameter optimization, and backbone compatibility.439

Figure 6: ECE trend across training epochs for LLaVA
models on the GQA dataset, evaluated separately on
Neutral (GQA-N), Contradiction (GQA-C), and Entail-
ment (GQA-E) categories.

Early Phase. Initially (Epoch 200–600), the model440

tends to avoid overconfident predictions and con-441

centrates confidence scores around the mid-range442

(0.4 – 0.6). While this conservative policy mit-443

igates the risk of severe misjudgment, it fails to444

align confidence with actual correctness, resulting445

in a temporary elevation of the ECE, which de-446

picted in Figure 6 and Figure 7 right-column.447

Intermediate to Late Phase. As training pro-448

gresses (Epoch 800–1200), the model increasingly449

discriminates between correct and incorrect predic-450

tions, improving confidence alignment. Predictions451

with higher confidence levels become more accu-452

rate, achieving better calibration and substantially453

reducing ECE, which depicted in Figure 6.454

Late Phase with Backbone Mismatch. We ob-455

serve a consistent under-confidence pattern in the456

lowest confidence bin (0 – 0.1) across all five QA457

datasets, where the model significantly underes-458

timates its correctness. This reflects a cautious459

prediction behavior. Combined with the sparsity of460

high-confidence predictions, this under-confidence461

accumulation indicates a broader low-confidence-462

crash, which depicted in Figure 7 left-column.463

Figure 7: Calibration histograms for five QA datasets.
Left column: Base-LLaVA with GRPO adapter applied
to an untuned backbone, resulting in a broader low-
confidence-crash due to backbone mismatch. Right
column: GRPO-600 Using the matched SFT backbone
but still exhibits a moderate low-confidence-crash in
early RL phase.

We attribute this phenomenon to representational 464

mismatches caused by applying GRPO-trained 465

adapters to an untuned backbone (Base-LLaVA), 466

leading to flattened confidence distributions and 467

degraded calibration performance. 468

Take-away. SFT training gives initial confidence 469

estimates. GRPO sharpens predictive discrimina- 470

tion but is sensitive to training - inference backbone 471

consistency. 472

6 Conclusion 473

In this paper, we propose a two-stage framework 474

to improve confidence estimation and reduce hallu- 475

cinations in MLLM. Stage one analyzes dataset 476

difficulty, while stage two combines SFT with 477

GRPO using a difficulty-guided reward. Experi- 478

ments show notable gains in calibration and hallu- 479

cination reduction. 480
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7 Limitation481

Although our framework delivers consistent im-482

provements in both calibration and hallucination483

reduction, it still presents several limitations. First,484

the rarity-based difficulty metric is defined at the485

dataset level and may overlook fine-grained intra-486

dataset heterogeneity, such as sample-specific com-487

positional complexity or cross-image contextual488

dependencies. A more localized or adaptive notion489

of difficulty could yield a more precise reward sig-490

nal. Second, our experiments focus primarily on491

single-turn QA and description tasks. Extending492

confidence-aware optimization to multi-turn dia-493

log, tool-augmented reasoning, or safety-critical494

domains remains an important avenue for future495

exploration.496
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A Appendix726

A.1 Dynamic Parameter Mapping Detail727

Dataset Statistics Each dataset is characterized728

by four corpus-level statistics that govern the con-729

struction of reward coefficients. Specifically, c de-730

notes the average number of named entities per731

response, where larger values imply denser se-732

mantic coverage (Equation 1); r represents the733

average corpus-level frequency of entities, with734

smaller values indicating rarer or more long-tail735

concepts (Equation 2); n is the total number of736

samples in the dataset; and pcontradiction denotes737

the proportion of contradiction-labeled samples738

among the three label types. From these quan-739

tities, we derive several secondary metrics used740

to capture dataset-level semantic sparsity and rar-741

ity characteristics. The rare_density metric is742

defined as r/c, characterizing the relative den-743

sity of rare entities. The entity_focus metric is744

given by 1/c, reflecting how concentrated a dataset745

is in terms of per-sample entity usage. To ac-746

count for differences in dataset scale, we define747

rarity_score as (r/c)/ log(n + 10), which nor-748

malizes rare-entity density by corpus size. Finally,749

the entity-rarity emphasis coefficient is defined as750

we = norm(0.7 · (r/c) + 0.3 · (1/c)). A higher751

we reflects datasets that place greater emphasis on752

rare and semantically focused entities, thereby am- 753

plifying reward sensitivity in downstream coeffi- 754

cient design. 755

Normalization To standardize these statistics 756

across datasets, we apply z-score normalization: 757

rn =
rarity_score− µr

σr

hn =
pcontradiction − µh

σh

758

where µr, σr and µh, σh denote the mean and stan- 759

dard deviation of rarity and contradiction scores 760

across all datasets. 761

Coefficient Formulations Each coefficient is 762

computed as follows: 763

(1) Factuality reward α: Encourages factual align- 764

ment; assigns more conservative weights in high- 765

contradiction or high-rarity regions. 766

α = clip
(
tanh(−hn − rn), 0.0, 2.5

)
767

This coefficient maps the combination of contra- 768

diction prevalence hn and rarity score rn into a 769

bounded range. The negative weighting ensures 770

that higher contradiction and rarity reduce α, re- 771

sulting in more conservative reward scaling. 772

(2) Claim Confidence alignment reward β: This 773

coefficient enhances the reward when entity rarity 774

is high and samples exhibit strong semantic focus. 775

β = clip(σ(we · rn), 0.5, 2.5) 776

Here, we reflects the degree to which a dataset 777

emphasizes rare and focused entities. The in- 778

tent is to amplify rewards for confident claims 779

grounded in uncommon, semantically cohesive 780

knowledge—typical of long-tail data. 781
(3) Consistency reward γ: Rewards global consis- 782
tency between the overall output and its answer. 783

γ = clip((hn − 0.1α), 0.0, 2.0) 784

It combines contradiction risk hn and factual cor- 785

rectness α in a way that rewards consistency only 786

when both semantic and factual conditions are met. 787

(4) Misalignment penalty δ: Introduced to penal- 788

ize disagreement between model confidence and 789

expert-level confidence: 790

δ = clip(σ(rn + hn), 0.0, 2.0) 791

This design penalizes overconfident predictions 792

in high-risk, hallucination-prone samples more 793

strictly. 794
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Dataset α β γ δ

OCR-VQA 0.7524 2.2029 1.1555 1.7553
TextVQA 0.7315 1.5870 1.7219 1.4984
OK-VQA 1.3228 1.4927 0.8939 1.0330
GQA 1.1274 1.2917 0.9087 1.1213
VQAv2 1.2990 1.2616 0.8957 1.0036
sharegpt4v-textvqa 0.5651 2.0607 2.0000 1.7684
sharegpt4v-web-landmark 1.1566 1.8504 0.9065 1.3310
LCS-558K 0.7576 1.6301 1.5983 1.4916
Google-Landmark 1.3744 1.7084 0.8901 1.0786
ART500K 1.2328 1.6545 0.9007 1.1635
COCO 1.1050 1.5150 0.9104 1.1901
sharegpt4v-wikiart 0.8454 1.5799 1.3243 1.4055
sharegpt4v-web-celebrity 0.6897 1.4363 1.9706 1.4958
MovieNet 1.4154 1.3053 0.8870 0.9386

Table 4: Dataset-specific reward coefficients α, β, γ, δ
derived from dataset statistics.

Parameter Values Detail Table 4 lists the co-795

efficients computed for each dataset. These dy-796

namic coefficients are adaptively tuned to capture797

the unique characteristics and challenges of each798

dataset:799

• A higher α promotes factual and confident800

responses. It is elevated for well-structured801

datasets like VQAv2 and OK-VQA, while re-802

duced for noisy or contradiction-heavy datasets803

(sharegpt4v-textvqa) to encourage cautious804

behavior and prevent overconfidence.805

• The β coefficient enhances reward when806

the model’s confidence aligns with correct-807

ness. Datasets with high entity rarity or808

strong semantic focus—such as OCR-VQA and809

sharegpt4v-textvqa—receive higher β values810

to improve calibration and reduce hallucination.811

• The γ term promotes internal consistency be-812

tween claim-level and overall confidence. It is813

increased for datasets prone to internal inconsis-814

tency or compositional reasoning (e.g., TextVQA),815

and relaxed for structurally simpler ones (e.g.,816

COCO, GQA).817

• The penalty term δ discourages misalignment818

between model confidence and human-verified819

correctness. It is strengthened in ambigu-820

ous or high-risk scenarios (e.g., OCR-VQA,821

sharegpt4v-web-celebrity) to enforce con-822

servative confidence estimation, while relaxed823

for cleaner datasets (e.g., MovieNet).824

A.2 Dataset Overview825

As shown in Table 13, we summarize 14 bench-826

mark datasets by task type (Detail/QA), sample827

size, and the NLI-based label distribution (Entail-828

ment/Contradiction/Neutral), and report the statis-829

tics for the Total/Train/Val splits, respectively.830

A.3 SFT Data Construction Workflow 831

To prepare high-quality SFT data for calibration- 832

aware instruction tuning, we construct training 833

samples using a multi-step pipeline that integrates 834

model generation, atomic fact decomposition, ques- 835

tion rewriting, and fact-level verification. The 836

workflow proceeds as follows. We begin by prompt- 837

ing the target MLLM to produce an open-ended 838

response for each selected input. An atomic de- 839

composition model is then applied to extract fine- 840

grained factual statements from the generated an- 841

swer. Each atomic fact is subsequently converted 842

into an independent natural-language question us- 843

ing a question rewriting model. Next, every rewrit- 844

ten question is fed back into the original MLLM 845

to obtain a factual judgment. The question–answer 846

pair is then evaluated by a separate verifier model, 847

which outputs a binary decision (true/false) in- 848

dicating whether the atomic fact is supported by 849

the image. According to this decision, we aug- 850

ment each atomic fact with a confidence-aware 851

tag: “I’m sure.” for verified (true) facts and “I’m 852

not sure.” for unverified (false) ones. All anno- 853

tated atomic facts are aggregated into a numbered 854

list, accompanied by a summary confidence score. 855

To ensure scalability, we employ a multithreaded 856

generation framework with shared atomic coun- 857

ters and thread-safe writing to avoid sample du- 858

plication. The pipeline is implemented on top of 859

the Ollama and transformers ecosystems, with 8 860

parallel workers producing up to 500 high-quality 861

SFT samples. Both the atomic fact extractor and 862

the question rewriting module are implemented us- 863

ing finetuned Llama-3 models (Dubey et al., 2024), 864

chosen for their strong controllability and factual 865

consistency in structured generation tasks. For fact 866

verification, we employ Qwen-VL 2.5 (Bai et al., 867

2025), which provides reliable image-grounded 868

judgment on whether each rewritten question is 869

supported by the visual content. 870

A.4 Reproduction Details 871

R-Tuning To reproduce R-Tuning in our multi- 872

modal setting, we follow the workflow proposed in 873

(Zhang et al., 2024). Specifically, we first sampled 874

1,000 examples from our dataset—the same sub- 875

set used for our SFT cold-start experiments—and 876

used the base LLaVA (Liu et al., 2023a) model to 877

obtain its predictions for each question. According 878

to whether the model’s output matched the ground- 879

truth answer, we divided the data into two subsets 880
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that align with the R-Tuning framework: (1) a cer-881

tain subset (D1), where the base model produces882

correct and consistent answers, and (2) an uncer-883

tain subset (D0), where the model either fails to884

answer or gives inconsistent predictions. Following885

R-Tuning’s data transformation strategy, we con-886

verted each training target into a certainty-aware887

form by appending explicit confidence expressions:888

answers in (D1) were labeled with I am sure , while889

answers in (D0) were labeled with I am not sure.890

Using this transformed dataset, we performed su-891

pervised fine-tuning on LLaVA under the same892

training format described in R-Tuning, producing893

an R-Tuning LLaVA model.894

VCAP VCAP (Xuan et al., 2025) is a training-895

free calibration framework that improves vi-896

sual–language models’ confidence estimation897

through a two-stage prompting design. Instead898

of directly asking the model to judge answer cor-899

rectness, VCAP first separates the evaluation into:900

(1) a visual grounding stage, where the model901

is required to describe the visual content and self-902

assess the confidence of its visual understanding;903

and (2) an answer verification stage, where the904

model uses its previously generated visual under-905

standing to evaluate the correctness of a proposed906

answer (for QA) or the consistency of a proposed907

description (for detailed description tasks). In our908

experiments, we adapt VCAP to both of our task909

types—question answering and detailed image de-910

scription. The prompts used in each stage closely911

follow the structure and design principles of the912

original VCAP paper, while being tailored to the913

specific requirements of our datasets. The com-914

plete prompts for the QA version and the detailed-915

description version are provided in Sec A.8.916

A.5 More ECE And AUC Results917

Beyond the main results presented in maintext, we918

provide additional calibration and hallucination919

analyses in this appendix.920

A.5.1 OK-VQA and VQAv2921

The following table (Table 5) shows the full experi-922

mental results on OK-VQA and VQAv2.923

A.5.2 GQA and OCR-VQA924

The following table (Table 6) shows the full experi-925

mental results on GQA and OCR-VQA.926

A.5.3 COCO and Google-Landmark 927

The following table (Table 7) shows the full experi- 928

mental results on COCO and Google-Landmark. 929

A.5.4 sharegpt4v-wikiart and 930

sharegpt4v-web-celebrity 931

The following table (Table 8) shows the full 932

experimental results on sharegpt4v-wikiart and 933

sharegpt4v-web-celebrity. 934

A.5.5 ART500K and LCS-558K 935

The following table (Table 9) shows the full experi- 936

mental results on ART500K and LCS-558K. 937

A.5.6 MovieNet and 938

sharegpt4v-web-landmark 939

The following table (Table 10) shows the full exper- 940

imental results on MovieNet and sharegpt4v-web- 941

landmark. 942

A.6 Analysis On Accuracy 943

Across all QA datasets (VQAv2, GQA, OK-VQA, 944

TextVQA, and OCR-VQA) (Table 11, Table 12), 945

the accuracy of the three model variants—LLaVA, 946

SFT, and RL—remains largely comparable, with 947

only small fluctuations across the entailment, con- 948

tradiction, and neutral subsets. Our method is de- 949

signed to calibrate confidence rather than improve 950

task accuracy. 951

A.7 Training Dynamics 952

Figure 8 visualizes the evolution of calibration er- 953

ror during RL training, further illustrating the ef- 954

fectiveness of our difficulty-guided optimization 955

scheme. 956

A.8 Prompt Detail 957

The NER Extraction Prompt identifies named 958

entities to compute rarity-based difficulty. The Ver- 959

bal Confidence Extraction Prompt elicits explicit 960

confidence scores for calibration. The Contradic- 961

tion Detection Prompt labels better–worse pairs 962

as entailment, neutral, or contradiction for diffi- 963

culty analysis. The Question Transform Prompt 964

rewrites atomic facts into questions to support fact- 965

level verification and SFT data construction. 966
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Model Method
OK-VQA VQAv2

Entailment Contradiction Neutral Entailment Contradiction Neutral
ECE↓ AUC↑ ECE↓ AUC↑ ECE↓ AUC↑ ECE↓ AUC↑ ECE↓ AUC↑ ECE↓ AUC↑

LLaVA

DP 0.3243 0.5477 0.3553 0.5297 0.3606 0.4270 0.3465 0.6956 0.3925 0.5390 0.3404 0.6532
SC 0.3570 0.6128 0.3770 0.5796 0.3495 0.6484 0.3410 0.7084 0.3915 0.6087 0.3850 0.6043
PC-R 0.3024 0.5276 0.3328 0.6139 0.3211 0.4846 0.3988 0.4214 0.3945 0.4640 0.3664 0.4972
Verbal 0.2639 0.5783 0.3610 0.5339 0.3132 0.5313 0.3199 0.5436 0.3635 0.5034 0.3361 0.5097
VCAP 0.3071 0.5648 0.3958 0.4926 0.3562 0.5523 0.3331 0.5568 0.3602 0.6156 0.3770 0.5595

LLaVA
SFT

DP 0.2236 0.5687 0.2853 0.4912 0.2589 0.5241 0.2706 0.5478 0.2766 0.5584 0.2605 0.5030
SC 0.2975 0.5307 0.3010 0.5464 0.3125 0.5147 0.2830 0.5976 0.3395 0.4622 0.2635 0.6440
PC-R 0.2560 0.5775 0.2929 0.5004 0.2450 0.6211 0.3003 0.5084 0.2723 0.5374 0.2659 0.5411
Verbal 0.2383 0.5873 0.3358 0.4872 0.2564 0.5894 0.2786 0.5716 0.2673 0.6226 0.2626 0.5808
VCAP 0.2442 0.6371 0.3386 0.5234 0.2998 0.5593 0.2838 0.5963 0.2920 0.5804 0.3258 0.5217

LLaVA
R-Tuning

DP 0.3049 0.5544 0.3681 0.5252 0.3563 0.4724 0.3706 0.5614 0.3716 0.5293 0.3669 0.5140
SC 0.3448 0.6559 0.3105 0.6363 0.3560 0.6071 0.3335 0.6402 0.2077 0.6254 0.3175 0.6353
PC-R 0.2981 0.5831 0.3685 0.5065 0.3460 0.5161 0.4016 0.4498 0.3875 0.4099 0.3621 0.4649
Verbal 0.3017 0.5861 0.4490 0.4758 0.3985 0.4949 0.3227 0.5478 0.3733 0.5182 0.3402 0.5529
VCAP 0.3342 0.5384 0.4159 0.5455 0.3682 0.5225 0.2982 0.5385 0.4603 0.5396 0.3527 0.5631

LLaVA
RL

DP 0.2272 0.6652 0.3040 0.6433 0.2411 0.6060 0.2696 0.6774 0.3160 0.6344 0.2376 0.6394
SC 0.2408 0.6300 0.2853 0.6457 0.2513 0.6519 0.2869 0.6967 0.2865 0.6983 0.2520 0.6508
PC-R 0.2568 0.6793 0.2785 0.6644 0.2491 0.6986 0.2906 0.5935 0.2889 0.6281 0.2273 0.6577
Verbal 0.1970 0.6629 0.2756 0.6324 0.2220 0.6242 0.2482 0.6329 0.2984 0.6411 0.2208 0.6061
VCAP 0.2559 0.5889 0.2903 0.7194 0.2999 0.6023 0.2640 0.6323 0.3512 0.6267 0.3110 0.6139

Table 5: Comparison of ECE and AUC performance across different stage models and confidence estimation
methods on OK-VQA and VQAv2.

NER_Extraction_Prompt

<USER>
Extract all named entities from the following text.
Guidelines:
– Do not classify the entities.
– Include only named entities such as people, places,
organizations, brands, or specific objects.
– Do not include general nouns or descriptions.
– Return only a JSON array of strings, with no expla-
nation or additional formatting.

[TEXT]
"{answer_text}"

Your output must be ONLY:
[ "entity1", "entity2", ... ]

967

Verbal Confidence Extraction Prompt

<USER>
You are an expert evaluator of question–answer pairs.
Your task is to read the following QUESTION and
ANSWER, then judge how confident you are that
the answer is correct. You must output only a single
decimal number between 0 and 1 (inclusive), with
at most two digits after the decimal point. Do NOT
output any additional text.

Example:
Q: What is the capital of France?
A: Paris.
Confidence: 0.95

QUESTION
{q}
ANSWER
{r}

Please respond with your confidence score now. Eval-
uate the correctness of the answer above and return
ONLY the number.

968

Contradiction_Detection_Prompt

<USER>
You are a helpful assistant trained to detect factual
contradictions between two answers.
Given:
– A question.
– Two answers to that question: Answer A and An-
swer B.
Your task is to analyze whether Answer B contradicts
Answer A based on factual content.
Please classify their relationship into one of the fol-
lowing:
– entailment: Answer B agrees with or repeats the
same facts as Answer A.
– contradiction: Answer B presents facts that conflict
with Answer A.
– neutral: Answer B neither agrees nor disagrees with
Answer A (e.g., vague or irrelevant).
Respond with one word only: entailment,
contradiction, or neutral.

[QUESTION]
{question}

[Answer A]
{chosen}

[Answer B]
{rejected}

Return ONLY one line:
<judge> entailment/contradiction/neutral
</judge>
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Model Method
GQA OCR-VQA

Entailment Contradiction Neutral Entailment Contradiction Neutral
ECE↓ AUC↑ ECE↓ AUC↑ ECE↓ AUC↑ ECE↓ AUC↑ ECE↓ AUC↑ ECE↓ AUC↑

LLaVA

DP 0.3805 0.5439 0.4036 0.5502 0.3602 0.5887 0.3284 0.8324 0.3811 0.6772 0.3676 0.6847
SC 0.3635 0.6728 0.3930 0.6089 0.3950 0.6129 0.2230 0.8277 0.3255 0.7295 0.2660 0.8091
PC-R 0.3842 0.5174 0.4021 0.4638 0.3743 0.5223 0.5241 0.2616 0.4429 0.4192 0.4630 0.3448
Verbal 0.3530 0.4348 0.3619 0.5235 0.3459 0.5147 0.3215 0.5219 0.3899 0.5390 0.3481 0.4954
VCAP 0.2896 0.6484 0.3636 0.5335 0.3503 0.5441 0.3712 0.4732 0.4445 0.4983 0.3422 0.5724

LLaVA
SFT

DP 0.2580 0.4745 0.2831 0.5404 0.2883 0.5171 0.2542 0.4394 0.3407 0.4403 0.2886 0.4855
SC 0.2450 0.5866 0.2810 0.6274 0.2775 0.6110 0.3205 0.6206 0.2975 0.7263 0.3275 0.5688
PC-R 0.2609 0.5445 0.2769 0.5656 0.2826 0.5478 0.2929 0.5388 0.3420 0.4912 0.3094 0.5591
Verbal 0.2473 0.5727 0.3101 0.5278 0.2808 0.5675 0.2491 0.5710 0.3400 0.4750 0.3057 0.5113
VCAP 0.2783 0.5870 0.2767 0.6300 0.2959 0.5774 0.3298 0.4970 0.4091 0.4665 0.3558 0.4616

LLaVA
R-Tuning

DP 0.3188 0.6214 0.3665 0.5114 0.3724 0.5904 0.3909 0.6266 0.3706 0.6162 0.3692 0.5821
SC 0.3745 0.5664 0.3907 0.5777 0.3530 0.6036 0.2360 0.6223 0.2890 0.6718 0.2858 0.6884
PC-R 0.3825 0.5857 0.3846 0.4717 0.3622 0.4826 0.4651 0.3512 0.4194 0.3979 0.4148 0.3884
Verbal 0.2250 0.5429 0.3802 0.5074 0.3327 0.4846 0.3365 0.5699 0.4408 0.5545 0.3665 0.4953
VCAP 0.3253 0.5725 0.3893 0.4615 0.3531 0.5846 0.3956 0.4195 0.4110 0.5544 0.3920 0.5246

LLaVA
RL

DP 0.2255 0.6249 0.3081 0.6403 0.2951 0.6905 0.2441 0.6266 0.3310 0.6985 0.2698 0.6814
SC 0.2613 0.6390 0.3113 0.6351 0.2655 0.6623 0.2578 0.6475 0.2954 0.6430 0.2361 0.7277
PC-R 0.2504 0.6741 0.3055 0.6857 0.2820 0.6227 0.2554 0.6826 0.3837 0.6941 0.2694 0.6193
Verbal 0.2324 0.6591 0.2728 0.6580 0.2622 0.6560 0.2320 0.6626 0.2971 0.6477 0.2427 0.6464
VCAP 0.2934 0.6491 0.3230 0.6635 0.2891 0.6741 0.2229 0.6621 0.2889 0.6209 0.2259 0.6257

Table 6: Comparison of ECE and AUC performance across different stage models and confidence estimation
methods on GQA and OCR-VQA.

Question_Transform_Prompt

<USER>
You are an assistant that converts factual declarative
statements into natural and relevant questions.
Your task is to rewrite each factual statement into a
clear, concise, and context-preserving question. The
generated question must retain the key entities or
concepts from the original statement and must not
be overly broad, vague, or ambiguous.

Example
Statement: The Eiffel Tower is located in
Paris.
Question: Where is the Eiffel Tower located?

[INPUT STATEMENT]
{atomic_statement}

Return ONLY the transformed question, without any
explanation or additional formatting.
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VCAP_QA_Round1_Prompt

<USER>
You are given an image and a question.
This is Stage 1 of a two-stage evaluation process.
Your task in this stage is ONLY to:
1) Describe in detail what you can see in the image.
2) Then state how confident you are that your visual
understanding is sufficient to answer the question.
Guidelines:
– Focus exclusively on visual information from the
image.
– Do NOT try to answer the question.
– Do NOT judge whether any candidate answer is
correct.
– At the end, output a confidence score between 0 and
1.
Format of your response:
[Your visual description here]
Visual confidence: <a number between 0 and
1>

[QUESTION]
{question}
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Model Method
COCO Google-Landmark

Entailment Contradiction Neutral Entailment Contradiction Neutral
ECE↓ AUC↑ ECE↓ AUC↑ ECE↓ AUC↑ ECE↓ AUC↑ ECE↓ AUC↑ ECE↓ AUC↑

LLaVA

DP 0.1898 0.5388 0.2276 0.3283 0.1796 0.5638 0.2009 0.2929 0.2434 0.2813 0.2860 0.2514
SC 0.2412 0.4900 0.2162 0.5859 0.3038 0.3945 0.2988 0.6730 0.2350 0.5907 0.2687 0.3489
PC-R 0.1830 0.4336 0.1997 0.6098 0.1631 0.5195 0.1493 0.5846 0.2243 0.3520 0.1930 0.7692
Verbal 0.2340 0.5388 0.2622 0.4773 0.2137 0.6172 0.2077 0.4949 0.2865 0.2907 0.2807 0.5989
VCAP 0.4285 0.4730 0.4955 0.6282 0.4973 0.4144 0.3463 0.5000 0.6015 0.1026 0.4367 0.4872

LLaVA
SFT

DP 0.1553 0.4710 0.1466 0.4552 0.1514 0.5641 0.1950 0.4987 0.1734 0.4003 0.1272 0.6443
SC 0.2287 0.4545 0.1550 0.6816 0.1688 0.6254 0.2600 0.6440 0.2775 0.6932 0.2475 0.4479
PC-R 0.1948 0.4015 0.1555 0.5026 0.1477 0.6681 0.2507 0.4747 0.1902 0.4242 0.2012 0.5283
Verbal 0.1733 0.5139 0.1630 0.4910 0.1228 0.8034 0.2505 0.4573 0.2278 0.4293 0.2165 0.4122
VCAP 0.3312 0.3397 0.3965 0.3429 0.3610 0.4632 0.3158 0.3496 0.4255 0.4737 0.3238 0.4052

LLaVA
R-Tuning

DP 0.3269 0.4288 0.3512 0.4375 0.3432 0.5326 0.4921 0.5872 0.4314 0.5192 0.4921 0.5896
SC 0.1590 0.5802 0.1675 0.5385 0.1675 0.5021 0.1175 0.5385 0.1375 0.5291 0.1400 0.5491
PC-R 0.4144 0.4784 0.4369 0.5526 0.4263 0.5174 0.6467 0.5098 0.5867 0.5364 0.6467 0.5442
Verbal 0.5050 0.6162 0.5287 0.5526 0.5455 0.5139 0.6985 0.4139 0.6367 0.4078 0.6985 0.5910
VCAP 0.4597 0.4009 0.5115 0.4795 0.4673 0.4826 0.5607 0.5795 0.5498 0.5134 0.5757 0.5391

LLaVA
RL

DP 0.1279 0.6844 0.1593 0.6530 0.1032 0.6009 0.1748 0.6348 0.1452 0.6449 0.1586 0.6234
SC 0.1788 0.6753 0.1875 0.6140 0.1600 0.6036 0.1687 0.7123 0.1637 0.6399 0.2088 0.6615
PC-R 0.1939 0.5758 0.1822 0.6946 0.1681 0.6414 0.2205 0.6118 0.1775 0.6387 0.1827 0.6675
Verbal 0.1013 0.6823 0.1230 0.7670 0.1110 0.6766 0.1412 0.6747 0.1130 0.6786 0.1208 0.6071
VCAP 0.2658 0.4691 0.2738 0.4088 0.2367 0.5961 0.2198 0.5662 0.2648 0.4829 0.2620 0.4118

Table 7: Comparison of ECE and AUC performance across different stage models and confidence estimation
methods on COCO and Google-Landmark.

VCAP_QA_Round2_Prompt

<USER>
You are an expert evaluator of question–answer pairs.
This is Stage 2 of the evaluation process.
You have already processed the image and produced
the following visual understanding and confidence:
[VISUAL UNDERSTANDING FROM STAGE 1]
{visual_description_output}
Now, considering:
– the question,
– the proposed answer, and
– your visual understanding (including the visual con-
fidence you just gave),
judge how confident you are that the proposed answer
is correct.

[QUESTION]
{question}

[PROPOSED ANSWER]
{response}

You must output ONLY a single decimal number
between 0 and 1 (inclusive), with at most two digits
after the decimal point, representing your confidence
that the answer is correct.
Return ONLY one line:
Answer_confidence: <a number between 0 and
1>
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VCAP_Detail_Round1_Prompt

<USER>
You are given an image.
This is Stage 1 of a two-stage evaluation process.
Your task in this stage is ONLY to:
1) Provide a detailed and objective description of
everything you can identify in the image.
2) Then state how confident you are that your visual
understanding is accurate and reasonably complete.
Guidelines:
– Focus purely on grounded visual observations.
– Do NOT try to write a polished caption.
– Do NOT judge or evaluate any model-generated
description.
– At the end, output a confidence score between 0 and
1.
Format of your response:
[Your visual description here]
Visual confidence: <a number between 0 and
1>

(For reference, the original instruction/question was:)
{question}
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Model Method
sharegpt4v-wikiart sharegpt4v-web-celebrity

Entailment Contradiction Neutral Entailment Contradiction Neutral
ECE↓ AUC↑ ECE↓ AUC↑ ECE↓ AUC↑ ECE↓ AUC↑ ECE↓ AUC↑ ECE↓ AUC↑

LLaVA

DP 0.3504 0.6415 0.3354 0.6934 0.3581 0.4957 0.3010 0.5952 0.3080 0.4642 0.2645 0.4017
SC 0.2200 0.5783 0.2812 0.4062 0.2200 0.6190 0.2325 0.6667 0.2675 0.3943 0.2537 0.7906
PC-R 0.2397 0.4849 0.2360 0.5332 0.2452 0.5346 0.2505 0.4539 0.2294 0.3351 0.1840 0.5100
Verbal 0.2782 0.4739 0.3113 0.3223 0.3000 0.4978 0.3393 0.3527 0.3190 0.4265 0.2395 0.7123
VCAP 0.5323 0.3077 0.4685 0.3233 0.5477 0.3524 0.4660 0.3041 0.5308 0.2961 0.4827 0.2821

LLaVA
SFT

DP 0.1348 0.4936 0.0861 0.7308 0.1167 0.5850 0.1025 0.6425 0.1964 0.4341 0.1446 0.4717
SC 0.1837 0.5806 0.2075 0.6621 0.2563 0.7175 0.2313 0.3750 0.2025 0.6374 0.1962 0.4345
PC-R 0.2425 0.4872 0.1861 0.6580 0.1750 0.6087 0.1458 0.6550 0.2178 0.5797 0.1892 0.4673
Verbal 0.2162 0.4706 0.1920 0.4396 0.1728 0.6262 0.1580 0.6325 0.2498 0.5536 0.2075 0.6071
VCAP 0.3922 0.4242 0.3930 0.4730 0.3752 0.6029 0.3752 0.6029 0.4123 0.6042 0.3930 0.4730

LLaVA
R-Tuning

DP 0.4495 0.3468 0.4575 0.4158 0.4143 0.4274 0.4950 0.4615 0.5348 0.4282 0.4902 0.5197
SC 0.2085 0.5310 0.2250 0.5410 0.2137 0.5692 0.2062 0.5806 0.2084 0.5156 0.2250 0.5410
PC-R 0.5338 0.5856 0.5649 0.5158 0.5499 0.5630 0.5349 0.5821 0.5446 0.5205 0.5035 0.5224
Verbal 0.5280 0.6171 0.6387 0.5857 0.5933 0.5077 0.5425 0.4872 0.6478 0.5641 0.5633 0.5724
VCAP 0.5090 0.4150 0.5620 0.4333 0.4952 0.4408 0.3781 0.6387 0.5428 0.5918 0.5620 0.4333

LLaVA
RL

DP 0.1560 0.6307 0.1331 0.6175 0.1158 0.6724 0.1260 0.6889 0.1413 0.6984 0.1328 0.6225
SC 0.1775 0.6827 0.1950 0.6714 0.1675 0.8229 0.1900 0.6940 0.2363 0.6875 0.1875 0.6663
PC-R 0.2296 0.6093 0.2115 0.6188 0.2372 0.6749 0.1756 0.6556 0.1945 0.6984 0.2183 0.6300
Verbal 0.1505 0.6280 0.0975 0.6203 0.1285 0.6862 0.1053 0.6570 0.1070 0.6705 0.1413 0.6925
VCAP 0.3075 0.6207 0.3748 0.5044 0.3575 0.6211 0.3120 0.6200 0.3338 0.6486 0.3225 0.5641

Table 8: Comparison of ECE and AUC performance across different stage models and confidence estimation
methods on sharegpt4v-wikiart and sharegpt4v-web-celebrity.

VCAP_Detail_Round2_Prompt

<USER>
You are an expert evaluator of image descriptions.
This is Stage 2 of the evaluation process.
Below is your previous visual understanding and its
confidence score:
[VISUAL UNDERSTANDING FROM STAGE 1]
{visual_description_output}
Your task now is to evaluate how well the following
detailed description matches the image, based on your
visual understanding above.

[PROPOSED DESCRIPTION]
{response}
Guidelines:
– Judge whether the proposed description is accurate,
faithful, and consistent with the image.
– Consider object correctness, quantity, spatial rela-
tionships, and overall consistency.
– Do NOT write any reasoning or explanation.
You must output ONLY a single decimal number
between 0 and 1 (inclusive), with at most two digits
after the decimal point, representing your confidence
that the proposed description is correct.
Return ONLY one line:
Answer_confidence: <a number between 0 and
1>

974
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Model Method
ART500K LCS-558K

Entailment Contradiction Neutral Entailment Contradiction Neutral
ECE↓ AUC↑ ECE↓ AUC↑ ECE↓ AUC↑ ECE↓ AUC↑ ECE↓ AUC↑ ECE↓ AUC↑

LLaVA

DP 0.3523 0.7849 0.3095 0.5078 0.3466 0.6708 0.1963 0.5985 0.3063 0.2411 0.2750 0.4545
SC 0.2437 0.5627 0.2900 0.3918 0.2362 0.5752 0.2750 0.5141 0.2300 0.6815 0.2288 0.4154
PC-R 0.2124 0.5812 0.2016 0.3433 0.2106 0.5925 0.1810 0.4770 0.2466 0.4286 0.2122 0.5784
Verbal 0.2925 0.4174 0.2238 0.6458 0.2655 0.6677 0.2573 0.5460 0.2825 0.5506 0.2758 0.6034
VCAP 0.5132 0.3761 0.4538 0.3593 0.4957 0.4974 0.4912 0.6042 0.4753 0.5013 0.5200 0.5526

LLaVA
SFT

DP 0.1280 0.5201 0.1140 0.3985 0.1131 0.5627 0.1663 0.5775 0.1301 0.6477 0.1469 0.5027
SC 0.1950 0.5764 0.1938 0.5163 0.2225 0.6740 0.2243 0.6438 0.2800 0.5947 0.2425 0.5755
PC-R 0.1676 0.6065 0.1677 0.4912 0.1960 0.5439 0.1848 0.4975 0.1580 0.5063 0.1390 0.6882
Verbal 0.1442 0.6704 0.1448 0.4825 0.1748 0.6787 0.2188 0.6288 0.1615 0.5164 0.1337 0.5357
VCAP 0.3812 0.2928 0.3010 0.5543 0.3585 0.4502 0.3518 0.4514 0.4440 0.4079 0.4210 0.2162

LLaVA
R-Tuning

DP 0.5101 0.4467 0.4836 0.4590 0.5136 0.5641 0.4240 0.5604 0.4120 0.5031 0.4571 0.5089
SC 0.2187 0.6744 0.2187 0.6568 0.2287 0.6744 0.1688 0.6118 0.1225 0.6051 0.1325 0.5256
PC-R 0.5567 0.6583 0.5638 0.6410 0.5900 0.6282 0.5000 0.5748 0.5464 0.5310 0.5457 0.5985
Verbal 0.6488 0.5057 0.5757 0.5897 0.6108 0.5051 0.5720 0.6441 0.5803 0.5456 0.6542 0.5097
VCAP 0.5088 0.3795 0.5987 0.5018 0.5467 0.4975 0.4935 0.5833 0.6232 0.4256 0.5052 0.4051

LLaVA
RL

DP 0.1135 0.5908 0.1328 0.5878 0.1619 0.6802 0.1450 0.6815 0.1531 0.6642 0.1223 0.6250
SC 0.2162 0.6926 0.1900 0.6953 0.1800 0.6680 0.1700 0.7038 0.1812 0.7240 0.2362 0.6217
PC-R 0.2300 0.6217 0.1610 0.6984 0.2053 0.6815 0.1961 0.6078 0.1578 0.6323 0.1716 0.6083
Verbal 0.1118 0.6141 0.1303 0.6561 0.1355 0.6805 0.1383 0.6549 0.1205 0.6391 0.1200 0.6583
VCAP 0.2800 0.4640 0.2663 0.5961 0.3387 0.4750 0.3018 0.6082 0.3572 0.5429 0.3120 0.6699

Table 9: Comparison of ECE and AUC performance across different stage models and confidence estimation
methods on ART500K and LCS-558K.

Model Method
MovieNet sharegpt4v-web-landmark

Entailment Contradiction Neutral Entailment Contradiction Neutral
ECE↓ AUC↑ ECE↓ AUC↑ ECE↓ AUC↑ ECE↓ AUC↑ ECE↓ AUC↑ ECE↓ AUC↑

LLaVA

DP 0.3073 0.5256 0.3104 0.4375 0.3638 0.4902 0.2403 0.3913 0.2055 0.6300 0.2674 0.4246
SC 0.2738 0.5456 0.2500 0.6120 0.2488 0.6495 0.2750 0.5256 0.3075 0.6350 0.2650 0.6381
PC-R 0.2161 0.4316 0.2366 0.3724 0.2896 0.4191 0.2342 0.4859 0.2043 0.2938 0.2182 0.5972
Verbal 0.2895 0.5783 0.2825 0.5833 0.3170 0.2132 0.2878 0.4297 0.2658 0.4638 0.2940 0.5895
VCAP 0.4510 0.3817 0.5047 0.3549 0.4117 0.4049 0.4415 0.3789 0.4803 0.3299 0.4838 0.4083

LLaVA
SFT

DP 0.1210 0.5812 0.1735 0.6521 0.1461 0.6387 0.1819 0.5482 0.2577 0.3081 0.2810 0.3675
SC 0.1875 0.6368 0.2094 0.7167 0.2225 0.6187 0.3450 0.4661 0.2675 0.7689 0.3100 0.6112
PC-R 0.1804 0.3989 0.2580 0.4208 0.2085 0.5533 0.1999 0.6771 0.2933 0.4583 0.2856 0.6375
Verbal 0.2188 0.5100 0.2506 0.6271 0.2715 0.5120 0.2025 0.6536 0.2695 0.5114 0.3062 0.4538
VCAP 0.3757 0.3569 0.4738 0.5161 0.3832 0.2613 0.3518 0.4815 0.3953 0.4843 0.3500 0.5128

LLaVA
R-Tuning

DP 0.5389 0.5777 0.4749 0.4516 0.5258 0.5744 0.3575 0.5197 0.4014 0.4615 0.3885 0.5270
SC 0.2975 0.4846 0.2781 0.6419 0.2850 0.4651 0.1900 0.6541 0.1775 0.5329 0.1675 0.6974
PC-R 0.6052 0.5387 0.5547 0.5315 0.5725 0.5189 0.5299 0.5197 0.5529 0.5527 0.5530 0.5514
Verbal 0.6245 0.5513 0.5481 0.5738 0.6250 0.5929 0.6737 0.5150 0.6425 0.5414 0.6388 0.5450
VCAP 0.5483 0.4692 0.4672 0.5484 0.5090 0.4854 0.4982 0.4495 0.5367 0.4974 0.6940 0.6237

LLaVA
RL

DP 0.1414 0.6188 0.2078 0.6275 0.1774 0.6886 0.1584 0.6843 0.1379 0.6199 0.1997 0.6179
SC 0.1700 0.6438 0.2016 0.6804 0.1650 0.7621 0.1825 0.6301 0.1738 0.6245 0.2187 0.6793
PC-R 0.1872 0.6775 0.2395 0.6843 0.2581 0.6812 0.2183 0.6545 0.2404 0.6846 0.2272 0.7238
Verbal 0.1420 0.5487 0.1797 0.6706 0.1938 0.6487 0.1862 0.6169 0.1265 0.6242 0.1745 0.6923
VCAP 0.3088 0.4714 0.3372 0.5000 0.3223 0.6632 0.3247 0.5201 0.3910 0.7398 0.2775 0.5323

Table 10: Comparison of ECE and AUC performance across different stage models and confidence estimation
methods on MovieNet and sharegpt4v-web-landmark.

Model Metric VQAv2 GQA OK-VQA

Entailment Contradiction Neutral Entailment Contradiction Neutral Entailment Contradiction Neutral

LLaVA ACC 0.74 0.61 0.65 0.79 0.65 0.73 0.71 0.59 0.71
SFT ACC 0.74 0.60 0.61 0.76 0.70 0.57 0.64 0.51 0.64
RL ACC 0.72 0.62 0.64 0.75 0.65 0.73 0.70 0.50 0.77

Table 11: ACC comparison across three model variants on VQAv2, GQA, and OK-VQA.
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Model Metric TextVQA OCR-VQA

Entailment Contradiction Neutral Entailment Contradiction Neutral

LLaVA ACC 0.59 0.41 0.40 0.89 0.60 0.72
SFT ACC 0.64 0.47 0.54 0.72 0.52 0.63
RL ACC 0.61 0.48 0.57 0.80 0.61 0.68

Table 12: ACC comparison across three model variants on TextVQA and OCR-VQA.

Dataset Task Total Entailment Contradiction Neutral

Total Train Val Total Train Val Total Train Val

ART500K Detail 1096 640 33 607 192 33 159 264 33 231
COCO Detail 15199 7292 33 7259 3199 33 3166 4708 33 4675
Google-Landmark Detail 1079 753 33 720 145 33 112 181 33 148
LCS-558K Detail 15956 6968 33 6935 4688 33 4655 4300 33 4267
MovieNet Detail 1131 540 33 507 132 33 99 326 33 293
sharegpt4v-textvqa Detail 1966 682 33 649 713 33 680 571 33 538
sharegpt4v-web-celebrity Detail 1895 208 33 175 189 33 156 187 33 154
sharegpt4v-web-landmark Detail 1918 1110 33 1077 353 33 320 455 33 422
sharegpt4v-wikiart Detail 1972 864 33 831 532 33 499 576 33 543
GQA QA 5411 3606 33 3573 1136 33 1103 669 33 636
OCR-VQA QA 3025 1917 33 1884 762 33 729 346 33 313
OK-VQA QA 14802 9680 33 9647 2173 33 2140 1931 33 1898
TextVQA QA 4740 2503 33 2470 1441 33 1408 796 33 763
VQAv2 QA 12942 9320 33 9287 2184 33 2151 1438 33 1405

Table 13: Summary of dataset size, task type, and NLI label distribution (Total/Train/Val) for all benchmarks.
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Figure 8: ECE evolution across training checkpoints on four QA datasets (OCR-VQA, OK-VQA, TextVQA,
VQAv2). For each dataset, we report ECE on the Entailment, Contradiction, and Neutral subsets for the base LLaVA
model, the SFT-tuned model, and GRPO models at different training epochs, showing progressive calibration
improvement and the effect of over-training.
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