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Abstract001

When people query Vision-Language Models002
(VLMs) but cannot see the accompanying vi-003
sual context (e.g. for blind and low-vision004
users), augmenting VLM predictions with nat-005
ural language explanations can signal which006
model predictions are reliable. However, prior007
work has found that explanations can easily008
convince users that inaccurate VLM predic-009
tions are correct. To remedy undesirable over-010
reliance on VLM predictions, we propose eval-011
uating two complementary qualities of VLM-012
generated explanations via two quality scoring013
functions. We propose Visual Fidelity, which014
captures how faithful an explanation is to the015
visual context, and Contrastiveness, which cap-016
tures how well the explanation identifies vi-017
sual details that distinguish the model’s pre-018
diction from plausible alternatives. On the019
A-OKVQA, VizWiz, and MMMU-Pro tasks,020
these quality scoring functions are better cal-021
ibrated with model correctness than existing022
explanation qualities. We conduct a user study023
in which participants have to decide whether024
a VLM prediction is accurate without viewing025
its visual context. We observe that showing026
our quality scores alongside VLM explanations027
improves participants’ accuracy at predicting028
VLM correctness by 11.1%, including a 15.4%029
reduction in the rate of falsely believing incor-030
rect predictions. These findings highlight the031
utility of explanation quality scores in fostering032
appropriate reliance on VLM predictions.033

1 Introduction034

Vision-Language Models (VLMs) are being de-035

ployed in applications where users who do not have036

access to the VLM’s visual context; for example,037

in assisting blind and low-vision individuals (Huh038

et al., 2024; An et al., 2025; Kim et al., 2025), au-039

tonomous multimodal digital agents (Koh et al.,040

2024), and in human-robot collaboration (Lukin041

et al., 2018). However, despite recent advances042

in VLM capabilities, they often exhibit unreliable043

behavior, including hallucinating visual details (Li 044

et al., 2023; Gunjal et al., 2024) and making over- 045

confident predictions (Valdenegro-Toro, 2024). In 046

scenarios where users cannot directly observe the 047

visual context of the VLM, it becomes imperative 048

to enable users to accurately trust model outputs. 049

How can we provide adequate context for users to 050

establish appropriate reliance on model predictions 051

and explanations? 052

Prior work has explored the utility of model ex- 053

planations to support user decision making (Wang 054

and Yin, 2021; Bansal et al., 2021). However, nat- 055

ural language explanations can be misleading for 056

inaccurate model predictions (Joshi et al., 2023; 057

Chaleshtori et al., 2024; Si et al., 2024a; Sieker 058

et al., 2024). In Figure 1, we consider the ques- 059

tion “What period of the day does this photo re- 060

flect?” where a VLM (incorrectly) answers “Noon” 061

and generates a plausible explanation referencing 062

cues like “a clock on the building” or “lighting and 063

shadows.” This reasoning may appear highly con- 064

vincing to a user without access to the image, even 065

though the prediction is incorrect. Users are partic- 066

ularly susceptible to overreliance on explanations 067

in scenarios with such information asymmetry. 068

Existing explanation metrics (Hase et al., 2020; 069

Chen et al., 2023; Liu et al., 2023b) are designed to 070

evaluate explanations generated by text-only LLMs, 071

and we find these are poorly calibrated to VLM 072

prediction accuracy. However, considering the ex- 073

planation with respect to the accompanying visual 074

context can reveal the reliability of the VLM predic- 075

tion; for instance, identifying hallucinated details 076

in the explanation (“shadows suggesting that the 077

sun is at its peak”) or that the explanation does 078

not mention the critical detail for identifying the 079

correct answer (the time on the clock). 080

We propose evaluating two new qualities of 081

VLM-generated explanations: Visual Fidelity— 082

how faithfully a VLM explanation reflects the ac- 083

companying visual context—and Contrastiveness— 084
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The photo reflects the period 
of the day when the sun is at 
its highest point in the sky, 
which is noon. This can be 
inferred from 

, indicating the time 
of day. Moreover, the 

, further indicating that 
the photo was taken at noon.

the presence of 
a clock on the side of the 
building

lighting 
and shadows in the image 
suggest that the sun is at its 
peak

VLM Explanation:

VLM Answer: Noon
0.98

1.00

0.88

LAS: Does expl. entail model prediction?

REV: Does expl. provide additional info?

VERA: Does expl. align with commonsense?

⇒ Visual Fidelity Score: 0.50

Visual Fidelity: Is explanation faithful to image?
One accurate, one 
inaccurate detail 

P(expl. entails option):
Contrastiveness: Does expl. exclude alternatives?

Dawn 0.01
Morning 0.01

Noon 0.98
Afternoon 0.72

⇒ Contrastiveness Score: 0.57

Q: What period of the day does this photo reflect?

Choices: Morning, noon, afternoon , dawn✓

Two new VLM-centric explanation qualities:

Explanation quality scores can help...

...but existing scores don’t reflect VLM accuracy

Our qualities help users know 
when to trust VLM predictions!

When should users trust VLM explanations?

The explanation is high 
quality, so the VLM 
must be correct!

Explanation isn’t reliable, 
I shouldn’t blindly trust 
the VLM prediction...

Figure 1: VLM explanations that sound plausible can mislead users. Contextualizing VLM explanations with
quality scores may help users know when to rely, but existing explanation qualities are not calibrated with VLM
prediction accuracy. We propose Visual Fidelity and Contrastiveness to contextualize these explanations, which are
better calibrated with correctness, and also help users make better decisions about when to believe VLM predictions.

how well the explanation rules out alternative an-085

swers. We introduce training-free methods to esti-086

mate both these qualities without relying on ground-087

truth quality annotations.088

In experiments with three popular VLMs and089

three visual reasoning tasks, A-OKVQA (Schwenk090

et al., 2022), VizWiz (Gurari et al., 2018), and091

MMMU-Pro (Yue et al., 2025), we find that our092

Visual Fidelity and Contrastiveness qualities better093

distinguish correct VLM predictions than do exist-094

ing evaluation qualities (Hase et al., 2020; Chen095

et al., 2023; Liu et al., 2023b), and are also better096

calibrated with VLM correctness (§3). We conduct097

several user studies in which participants evaluated098

VLM predictions without access to visual inputs099

(§4). We find that augmenting VLM explanations100

with our proposed qualities improves participants’101

ability to distinguish between correct and incor-102

rect VLM predictions. In particular, showing the103

product of Visual Fidelity and Contrastiveness as104

a single quality score leads to an 11.1% absolute105

improvement in user accuracy, along with a 15.4%106

absolute reduction in the rate of users falsely be-107

lieving inaccurate predictions. Finally, we show108

that presenting explanation qualities via natural109

language descriptions instead of scores further im-110

proves user decision making accuracy (§4.2). Over-111

all, our findings highlight the utility of evaluating112

the quality of VLM-generated explanations and113

communicating these qualities to users relying on114

VLM assistants.115

2 Quality Scores for VLM Explanations116

Visual reasoning is the task of answering a textual117

question about an image by drawing inferences118

from what is visually observed. A vision-language 119

model (VLM) is given an input x = (I,Q) ∈ X 120

consisting of an image I and a question Q, and 121

produces an answer a ∈ A, a (closed or open) set 122

of options. Additionally, the VLM generates a nat- 123

ural language explanation E for its prediction a. 124

This explanation can be either a chain-of-thought 125

rationale (Wei et al., 2023) that the VLM predic- 126

tion is conditioned on (IQ → Ea) or a post hoc 127

justification generated after the VLM prediction 128

(IQ→ aE) (Wiegreffe et al., 2022b). 129

We define an explanation quality scoring 130

function Sφ(E; I,Q, a,A)1 that maps a VLM- 131

generated explanation E to a score in [0, 1] reflect- 132

ing a specific quality φ of the reliability of an ex- 133

planation. Existing qualities for natural language 134

explanations, primarily developed and evaluated 135

in text-only settings, typically look at how well an 136

explanation supports the model’s prediction (Hase 137

et al., 2020), its informativeness (Chen et al., 2023), 138

and its plausibility according to common sense pri- 139

ors (Liu et al., 2023b). However, evaluating only 140

these qualities is insufficient for VLM-generated 141

explanations since they do not consider the relation- 142

ship between the explanation and the visual context. 143

Further, we find that these explanation qualities are 144

poorly calibrated with prediction accuracy (§3) and 145

therefore not useful for a user deciding whether to 146

trust the VLM’s prediction or not. 147

To address these gaps, we introduce two novel 148

trust cues: Visual Fidelity and Contrastiveness. 149

(Figure 1). 150

1For brevity, we note arguments for S only when relevant.
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Algorithm 1 Evaluate Visual Fidelity

Input: Image I , question Q, model prediction a,
explanation E

Output: Visual Fidelity score SVF(E)
1: QV = {qV1 , . . . , qVK} ← mQGen(E,Q, a)
2: for all qVj ∈ QV do
3: aVj ← mVerif(q

V
j , I)

4: end for
5: SVF(E)←

∑K
i=1 1{aVi =“yes”}

K

2.1 Visual Fidelity151

Visual Fidelity quality captures how faithful the152

VLM’s explanation is to the contents of the image.153

The explanation, typically spanning multiple sen-154

tences, may mention several details about the image155

in order to explain its prediction. However, it is156

possible that some of these details are hallucinated157

by the model (Gunjal et al., 2024). For example,158

in Figure 1, the VLM justifies its prediction by in-159

correctly claiming that the shadows indicate that160

the sun is at its peak. Such misleading details can161

sway users who cannot observe the VLM’s visual162

context. Evaluating the Visual Fidelity of an expla-163

nation could potentially alert users when important164

explanation details may be hallucinated.165

We measure the visual fidelity of an explanation166

E with respect to the image I by decomposing167

the explanation into a set of facts about the image168

and individually verifying each fact (Algorithm 1).169

Conceptually, this is an oracle scoring function170

that would check each atomic claim against ground-171

truth visual Q&A; we approximate it with an LLM-172

as-judge, using a verifier mVerif (GPT-4o by de-173

fault), and we audit this approximation with ex-174

pert annotations and verifier swaps at Section J.175

Concretely, we prompt a question generation LLM176

mQGen to generate a set of verification questions177

QV that confirm visual details that have been men-178

tioned in the VLM-generated explanation. The179

model has to generate questions such that answer-180

ing “yes” confirms the presence of the detail in the181

image (see Table 6 for the full LLM prompt). The182

number of questions generated by mQGen depends183

on the explanation and may vary across instances.184

For each verification question qVi ∈ QV , a185

verifier VLM mVerif produces an answer aVi ∈186

{yes, no}. The Visual Fidelity score SVF(E) is187

calculated as the fraction of questions for which188

Algorithm 2 Evaluate Contrastiveness
Input: Question Q, explanation E, set of possible

answers A, model prediction a0 ∈ A
Output: Contrastiveness score SContr.(E)

1: P ← Mask(E,A)
2: for all aj ∈ A do
3: hj ← mQA→S(Q, aj)
4: end for
5: SContr.(E)← PRNLI(P entails h0)∑

aj∈A PRNLI(P entails hj)

the verifier mVerif answers “yes”: 189

SVF(E) =

∑|QV |
i=1 1{aVi = “yes”}

|QV |
190

A high Visual Fidelity score indicates that the ratio- 191

nale faithfully represents the contents of the image. 192

2.2 Measuring Contrastiveness 193

Contrastiveness captures whether the VLM’s ex- 194

planation mentions all relevant visual details to 195

identify the correct answer. The evidences and 196

reasoning in the explanation may not identify the 197

visual details that correctly distinguish the correct 198

answer from alternatives. For instance, the expla- 199

nation in Figure 1 fails to mention the time on the 200

clock—the key visual cue for correctly answering 201

the question. When such relevant cues are missed, 202

the explanation may inadvertently support other al- 203

ternative answers apart from the VLM’s prediction. 204

Evaluating the Contrastiveness of an explanation 205

could potentially alert users to when the model 206

explanation fails to identify relevant visual cues. 207

However, evaluating whether all relevant visual 208

details have been mentioned in the explanation is 209

difficult if we do not know what the relevant visual 210

cues are. For example, if the explanation never 211

mentioned a clock, then we would not know that 212

the time on the clock is the critical detail for pre- 213

dicting the correct answer. Therefore, we estimate 214

sufficiency using a proxy measure, based on the 215

insight that if the model did capture all relevant de- 216

tails then it would have eliminated other plausible 217

alternatives. Specifically, for a task where a VLM 218

has to predict an answer a0 from a closed set of pos- 219

sible answers A, we measure the Contrastiveness 220

of an explanation E by evaluating how strongly it 221

entails the model prediction a0 relative to the set 222

of alternative answers A\{a0} (Algorithm 2). 223

We begin by masking mentions of all answers 224

a ∈ A in the explanation E to prevent label leak- 225
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age from affecting the entailment model. Then,226

for each possible answer aj ∈ A, a paraphraser227

LLM mQA→S paraphrases the question-answer pair228

(Q, aj) into a declarative sentence hj . Finally, we229

calculate the probability that the masked explana-230

tion P entails the hypothesis hj using an entailment231

model mNLI. The Contrastiveness SContr.(E) score232

is computed as the relative entailment probability233

for the predicted hypothesis h0, compared to the234

entailment probability over all possible hypotheses:235

SContr.(E) =
PRNLI(P entails h0)∑

aj∈A PRNLI(P entails hj)
.236

A high Contrastiveness score indicates the explana-237

tion identifies visual cues that not only support the238

prediction but also eliminate plausible alternatives.239

2.3 Combining Visual Fidelity and240

Contrastiveness241

We study how complementary our scoring func-242

tions are by computing a single quality score243

that combines the two explanation quality scores244

SVF(E) and SContr.(E). We evaluate three combi-245

nations: the average, product, and minimum of the246

Visual Fidelity and Contrastiveness quality scores.247

Savg(E) =
SVF + SContr.

2
;248

SProd(E) = SVF × SContr.;249

Smin = min(SVF, SContr.).250

3 Are Visual Fidelity and Contrastiveness251

Indicative of VLM Correctness?252

We evaluate quality scoring functions on their abil-253

ity to indicate the accuracy of a VLM prediction.254

Visual Reasoning Tasks. We evaluate our ex-255

planation qualities on three visual reasoning tasks:256

A-OKVQA (Schwenk et al., 2022)—a multiple-257

choice VQA benchmark that requires reasoning258

over images using external knowledge and com-259

monsense; VizWiz (Gurari et al., 2018)—an open-260

ended VQA task consisting of questions asked261

by blind and low-vision users about images they262

captured on their mobile phones; and MMMU-263

Pro (Yue et al., 2025)—a massive multi-discipline264

multimodal understanding and reasoning bench-265

mark. We sample 500 questions from the valida-266

tion set of each task. Section K.2 contains details267

about the tasks’ pre-processing and evaluation. For268

VizWiz, which lacks a specified set of possible an-269

swers, we generate hard negatives using an LLM270

to enable Contrastiveness evaluation. These nega- 271

tives are used for post-hoc evaluation and are not 272

provided to the model during answer generation.2 273
Models. We experiment with three popular 274

vision-language models: LLaVA-v1.5-7B (Liu 275

et al., 2023a), Qwen2.5-VL-7B (Bai et al., 2025), 276

and GPT-4o (Hurst et al., 2024)3. Answers and 277

rationales are generated in a two-step process: the 278

model is first prompted to predict an answer to the 279

question based on the image, and then prompted 280

to generate a natural language explanation for its 281

prediction. Section C contains the exact prompts 282

we use for answer and explanation generation. 283

Additionally, our quality scoring functions use 284

several model-based tools. For computing Visual 285

Fidelity, GPT-4o is used both for generating veri- 286

fication questions and answering those questions. 287

For computing Contrastiveness, we use GPT-4o to 288

mask answers in the explanation and paraphrase 289

question-answer pairs into declarative sentences, 290

and the entailment model from Sanyal et al. (2024). 291

Baseline Explanation Qualities. We compare 292

our proposed qualities against three established 293

text-only explanation baselines: Simulatabil- 294

ity (Hase et al., 2020), Informativeness (Chen et al., 295

2023) and Commonsense Plausibility (Liu et al., 296

2023b). See Section D for details. 297

Evaluating Quality Score Calibration. We eval- 298

uate each quality scoring function on its ability 299

to indicate whether a VLM prediction is accurate 300

based on its explanation. Specifically, we consider 301

two evaluation metrics: Discriminability (Disc) 302

and Expected Calibration Error (ECE). 303

On an evaluation set of N visual reasoning in- 304

stances, Disc(Sφ) evaluates a quality scoring func- 305

tion Sφ by calculating the difference between the 306

mean quality score assigned to instances with ac- 307

curate predictions (Acc(ai) = 1) and inaccurate 308

predictions (Acc(ai) = 0): 309

Disc(Sq) = E 1≤i≤N
Acc(ai)=1

[
Sq(Ei)

]
310

− E 1≤i≤N
Acc(ai)=0

[
Sq(Ei)

]
. 311

We further calculate whether the difference in 312

means between these two distributions (Sφ(E), for 313

accurate predictions, versus Sφ(E), for inaccurate 314

predictions) is significant using an unpaired t-test. 315

2We discuss the specific challenges and results of this
open-set evaluation in Section F and validate the strategy via
ablation in Section G.

3We use the gpt-4o-2024-05-13 checkpoint.
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Discriminability (higher is better)

A-OKVQA VizWiz MMMU-Pro Overall
Avg

LLaVA Qwen2.5 GPT-4o Avg LLaVA Qwen2.5 GPT-4o Avg LLaVA Qwen2.5 GPT-4o Avg

Simulatability 0.106∗∗ 0.247∗∗∗ 0.098 0.150 0.088∗ 0.158∗∗ −0.130∗ 0.039 0.059 0.195∗∗∗ 0.079∗∗ 0.111 0.100
Informativeness −0.018 0.000 0.069 0.017 0.093∗ −0.007 −0.113 −0.009 −0.008 0.006 0.011 0.003 0.004
Plausibility 0.043∗∗ 0.022 0.028 0.031 0.004 −0.020 −0.002 −0.006 0.006 0.012 0.004 0.007 0.011

Visual Fidelity 0.181∗∗∗ 0.080∗∗∗ 0.085∗∗∗ 0.115 0.240∗∗∗ 0.042∗ 0.024 0.102 0.169∗∗ 0.038 0.090∗∗∗ 0.099 0.106
Contrastiveness 0.243∗∗∗ 0.283∗∗∗ 0.248∗∗∗ 0.258 0.041 0.054 −0.097 −0.001 0.047 0.154∗∗∗ 0.101∗∗∗ 0.101 0.119

Avg(VF, Contr.) 0.212∗∗∗ 0.181∗∗∗ 0.166∗∗∗ 0.187 0.141∗∗∗ 0.048 −0.037 0.051 0.108∗∗ 0.096∗∗∗ 0.096∗∗∗ 0.100 0.112
Prod(VF, Contr.) 0.320∗∗∗ 0.315∗∗∗ 0.266∗∗∗ 0.301 0.168∗∗∗ 0.082 −0.082 0.056 0.090∗∗ 0.146∗∗∗ 0.143∗∗∗ 0.126 0.161
Min(VF, Contr.) 0.295∗∗∗ 0.298∗∗∗ 0.255∗∗∗ 0.283 0.165∗∗∗ 0.077 −0.084 0.053 0.082∗∗ 0.127∗∗∗ 0.124∗∗∗ 0.111 0.149

Table 1: Discriminability (Disc., higher is better) for different explanation quality scoring functions across three
models and three visual reasoning tasks. Significance is evaluated using an unpaired t-test: ∗∗∗ p < 0.001, ∗∗

p < 0.01, ∗ p < 0.05. Averages are not evaluated for significance. Notably, VizWiz–GPT-4o exhibits significantly
lower and predominantly negative discriminability scores across all metrics; see Section I for a discussion of the
underlying causes.

Expected Calibration Error (lower is better)

A-OKVQA VizWiz MMMU-Pro Overall
Avg

LLaVA Qwen2.5 GPT-4o Avg LLaVA Qwen2.5 GPT-4o Avg LLaVA Qwen2.5 GPT-4o Avg

Simulatability 0.288 0.219 0.302 0.270 0.305 0.292 0.494 0.364 0.446 0.418 0.357 0.407 0.347
Informativeness 0.332 0.152 0.228 0.237 0.429 0.168 0.446 0.348 0.216 0.706 0.538 0.487 0.357
Plausibility 0.162 0.270 0.317 0.250 0.110 0.310 0.325 0.248 0.318 0.391 0.272 0.327 0.275

Visual Fidelity 0.197 0.137 0.099 0.144 0.271 0.139 0.160 0.190 0.558 0.535 0.412 0.501 0.279
Contrastiveness 0.176 0.136 0.210 0.174 0.294 0.292 0.424 0.337 0.221 0.276 0.256 0.251 0.254

Avg(VF, Contr.) 0.109 0.054 0.090 0.084 0.139 0.138 0.216 0.164 0.360 0.389 0.279 0.343 0.197
Prod(VF, Contr.) 0.164 0.154 0.233 0.184 0.290 0.296 0.426 0.337 0.144 0.203 0.200 0.182 0.234
Min(VF, Contr.) 0.147 0.144 0.227 0.173 0.265 0.284 0.425 0.325 0.154 0.234 0.215 0.201 0.233

Table 2: Expected Calibration Error (ECE, lower is better) for different explanation quality scoring functions across
three models and three visual reasoning tasks.

Expected Calibration Error (ECE) (Guo et al.,316

2017) is typically used to evaluate how accurately317

a model’s confidence estimate reflects the true ac-318

curacy of its predictions. We evaluate our quality319

scoring functions using ECE by interpreting the320

quality scoring functions as confidence estimates.321

Results. Table 1 and Table 2 compare three sets322

of explanation qualities: existing ones developed323

for text-only explanations (Simulatability, Informa-324

tiveness, Plausibility), our proposed qualities (Vi-325

sual Fidelity, Contrastiveness), and combinations326

of proposed qualities. We observe that across all327

datasets and models, our proposed quality scoring328

functions almost always achieve higher Discrim-329

inability scores and lower Expected Calibration Er-330

rors than existing scoring functions across all mod-331

els. Most differences in Discriminability on these332

datasets are statistically significant (p < 0.001),333

confirming that our metrics effectively distinguish334

accurate from inaccurate predictions. We also find335

that our explanation-based metrics significantly out-336

perform standard logit-based uncertainty baselines337

on complex reasoning tasks (see Section H). On338

Figure 2: Calibration curves for various quality scoring
functions when evaluating explanations generated by
Qwen2.5-VL-7B on the A-OKVQA dataset.

VizWiz, while LLaVA-v1.5-7B shows strong dis- 339

criminability, GPT-4o and Qwen2.5-VL-7B exhibit 340

lower or negative scores on all scoring functions; 341

as discussed in Section I, this is primarily due to 342

valid answers being penalized by the dataset’s strict 343

ground truth. Crucially, combining the Visual Fi- 344

delity and Contrastiveness quality scores results 345

in the best overall Discriminability and Calibra- 346

tion, highlighting their complementary utility. 347
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Figure 3: Our study interface where users are shown the
visual reasoning question, VLM prediction and explana-
tion, and optionally one or more quality scores (using
simplified language descriptions). Here, based on the
explanation’s quality scores, the user correctly believes
that the VLM prediction is incorrect.

Figure 2 shows calibration curves for the base-348

line qualities, our proposed qualities, and an aver-349

age of Visual Fidelity and Contrastiveness, for ex-350

planations generated by Qwen2.5-VL-7B on the A-351

OKVQA task. We observe that Informativeness’s352

low calibration error is achieved by assigning high353

scores to all explanations, while our proposed qual-354

ity scores achieve a lower calibration error while355

assigning a wider spread of scores.356

Verifier robustness. To test whether VF’s be-357

havior depends on the specific verifier model, we358

replace the default GPT-4o with two smaller open359

verifiers (Gemma-3n-E4B and Qwen2.5-VL-7B).360

Section J.3 shows that all three yield comparable361

discriminability and calibration, indicating VF re-362

mains stable across verifier architectures.363

4 Are VLM Explanation Quality Scores364

Helpful to Users?365

Calibration alone does not necessarily translate to366

downstream utility for users in real-world scenar-367

ios (Vodrahalli et al., 2022). We now investigate368

whether providing VF and Contr. scores alongside369

VLM explanations helps users more accurately de-370

cide when to believe VLM predictions.371

4.1 User Study Setup372

We design a user study simulating a real-world373

setting of a user relying on a VLM assistant where374

the user cannot directly view the VLM’s visual375

input. Study participants are tasked with assessing376

the accuracy of VLM predictions.377

For a visual reasoning question (I,Q) from378

the A-OKVQA and VizWiz tasks, participants are379

shown the question Q, the VLM’s prediction a and380

explanation E, and optionally an explanation qual-381

ity score Sφ(E). Importantly, participants cannot382

see the image I accompanying the question. Par-383

ticipants have to decide whether they believe the 384

model’s answer is correct or incorrect based on 385

the provided context. They can also indicate “un- 386

sure” if they feel the information is insufficient for 387

making a reliable judgment. This design helps us 388

measure how presenting different quality scores to 389

a user affects user decision making. Figure 3 con- 390

tains an example of how information is presented 391

in our user study interface. 392

Study Details. We conducted a between-subjects 393

study on a balanced subset of 100 questions each 394

from A-OKVQA and VizWiz (total 300 annota- 395

tions per condition). Participants were recruited via 396

Prolific and paid $2 base + performance bonuses 397

(see Section K for full protocol and demographics). 398

Evaluation Metrics. Since participants are asked 399

to judge whether the VLM’s prediction is correct or 400

incorrect, we first exclude responses marked as “un- 401

sure.” Following prior work on evaluating human- 402

AI collaboration (Joshi et al., 2023; Ma et al., 2024; 403

Srinivasan and Thomason, 2025; Wiegreffe et al., 404

2022a), we then calculate User Accuracy over 405

the remaining responses, and the degree of appro- 406

priate reliance using two metrics: Over-Reliance 407

and Under-Reliance. Over-Reliance represents the 408

fraction of interactions where the user believed the 409

VLM prediction was correct, when in fact it was in- 410

correct. Similarly, Under-Reliance is the fraction 411

of interactions where the user mistakenly believed 412

the VLM was incorrect. For both reliance metrics, 413

lower values are preferred. 414

4.2 RQ1: Does providing explanation quality 415

scores improve user reliance? 416

We first evaluate whether showing users our pro- 417

posed quality scores alongside VLM explanations 418

helps users more accurately assess VLM correct- 419

ness. We compare communicating: 1) only the 420

Visual Fidelity score, 2) only the Contrastiveness 421

score, 3) both scores, and 4) a product of the two 422

scores. Figure 9 contains examples of how these 423

quality scores are communicated to users. We ad- 424

ditionally include a control setting where only an 425

explanation is shown without a quality score, and 426

a random setting where users are shown a quality 427

score randomly sampled between 0 and 1. 428

Results. Presenting explanation quality scores, 429

either individually or in combination, consistently 430

improves user performance across all three metrics 431

(Figure 4). Relative to the control explanation- 432
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Figure 4: Effect of showing users different quality scores on User Accuracy, Over-Reliance and Under-Reliance.
Error bars represent the standard deviation of the data. Asterisks denote improvements over the explanation-only
baseline using a bootstrap significance test (*: p < 0.05, **: p < 0.01).

Figure 5: Ablation on presentation types on A-OKVQA
dataset: holding the numeric signal fixed (Prod(VF,
Contr.), VF, or Contr.), we vary the on-screen label
(shown as VF, shown as Contr, or simple confidence).

only condition and the Random Score baseline, all433

treatment conditions improve user accuracy. On434

A-OKVQA, the most pronounced improvements435

are observed when showing the product of Vi-436

sual Fidelity and Contrastiveness, which leads to a437

11.1% increase in user accuracy, a 15.4% reduction438

in over-reliance, and a 5.3% reduction in under-439

reliance. These gains suggest that quality signals440

help users better identify correct model predictions441

and avoid being misled by incorrect ones.442

Other treatment variants also show meaningful443

improvements. Visual Fidelity and Contrastiveness444

alone both reduce over-reliance by approximately445

2–4%, and displaying both scores side-by-side446

further improves user outcomes. On VizWiz,447

the trends are similar; addition of quality scores448

leads to improvements in both accuracy and over-449

reliance. Together, these findings highlight the450

utility of explanation quality scores in helping451

users make more informed and calibrated452

decisions about when to trust VLM predictions.453

4.3 RQ2: Which aspects of the presentation454

affect user decision accuracy?455

Building on our findings in RQ1, we explore which456

presentation choices are significant. We explore457

two dimensions:458

(i). Score labeling (RQ2a): We examine whether459

presenting the same numeric value, but vary- 460

ing its labeling on the study screen (e.g., pre- 461

senting the score as VF, Contr., or a generic 462

“AI confidence”) affects user reliance. 463

(ii). Score descriptiveness (RQ2b): Here, we ex- 464

amine the effect of presenting a scalar qual- 465

ity score versus a descriptive summary that 466

presents evidence (e.g., verified visual claims 467

for VF or plausible alternatives for Contr.). 468

4.3.1 RQ2a: Does framing of the quality score 469

affect user reliance? 470

One concern is whether our observed gains stem 471

from what the score communicates versus how it is 472

labeled to users. For instance, presenting a quality 473

score as the visual fidelity of the explanation may 474

yield different user reliance behavior than if the 475

same score is presented as a generic AI confidence 476

in the explanation. 477

In this ablation study, using the same underly- 478

ing score distributions for A-OKVQA predictions 479

(Prod(VF, Contr.), VF, and Contr.), we permuted 480

their on-screen presentation: (i) shown under the 481

correct name, (ii) mislabeled as the other qualities 482

or shown as a generic “AI confidence” that does 483

not specifically mention either explanation quality. 484

Results. As shown in Figure 5, renam- 485

ing/genericizing the numeric signal yields nearly 486

identical outcomes in both User Accuracy and 487

Over-Reliance: differences are small and largely 488

within error bars across all three bases. Thus, 489

we observed that user behavior is driven by the 490

numeric signal’s distribution rather than its label. 491

4.3.2 RQ2b: Does providing language 492

descriptions of quality scores improve 493

user decision accuracy? 494

Our proposed quality scores are interpretable. For 495

Visual Fidelity, we can observe which visual details 496

7



Figure 6: The descriptive quality presentation. The ques-
tion and explanation display are identical to Figure 3,
but numeric scores are replaced with text descriptions
of the Visual Fidelity and Contrastiveness qualities.

Figure 7: Effect of showing numeric and descriptive
qualities on User Accuracy and Over-Reliance. Error
bars show standard deviation of the data. Asterisks de-
note improvements between descriptive setting against
the corresponding numeric setting with a bootstrap sig-
nificance test (**: p < 0.01).

in the explanation were and were not verified by the497

verifier VLM. For Contrastiveness, we can exam-498

ine which alternative answers were also assigned499

a high entailment probability. We compare the ef-500

fect of showing explanation qualities as numeric501

scores versus interpretable text descriptions on user502

decision making. Figure 6 shows an example of503

descriptive presentations of our proposed qualities.504

Results. As shown in Figure 7, we observe that505

descriptive formats perform comparably to, and506

in some cases slightly better than, their numeric507

counterparts. While showing both quality scores508

and for VF individually, the descriptive versions509

lead to improved user accuracy and reduced over-510

reliance. However, descriptive treatments hinder511

performance for Contr., leading to reduced accu-512

racy. These findings suggest that while numeric513

scores offer a compact signal, descriptive formats514

may help reduce over-reliance by making the515

explanation evaluation more transparent.516

4.4 RQ3: How does calibration of quality517

scores impact user decision making?518

Our results in Figure 4 compared quality scores519

with different levels of calibration, which were also520

presented with different messages to users. To iso-521

late the relationship between calibration error and522

user decision accuracy from the presentation of ex-523

planation qualities, we run user studies by showing524

scores from different distributions (Visual Fidelity525

Figure 8: Relationship between ECE of different quality
scores and their downstream utility to users.

scores, Contrastiveness scores, and average and 526

product combinations of the two) while presenting 527

the scores to users using the same message (“AI 528

Confidence that the explanation is accurate”). 529

Results. In Figure 8, we compare the ECE of 530

different explanation qualities4 and the resulting 531

User Accuracy and Over-Reliance. We observe 532

that there is a negative correlation between cal- 533

ibration error and the downstream user decision 534

making accuracy, with ECE explaining ≈ 60% of 535

the variance in User Accuracy and Over-Reliance 536

respectively. These findings indicate that calibra- 537

tion error of the quality scores is an important 538

determiner of downstream utility to users. 539

5 Conclusions and Future Directions 540

While explanations are thought to help users dis- 541

cern when to rely on VLM predictions, providing 542

explanations alone can mislead users into believing 543

the model even when it is incorrect. We propose 544

evaluating two unexplored, complementary expla- 545

nation qualities: Visual Fidelity and Contrastive- 546

ness, and also introduce scoring functions for mea- 547

suring both qualities. We find that our proposed 548

quality scoring functions are well calibrated with 549

model correctness, compared to existing notions of 550

explanation quality. Through several user studies, 551

we demonstrate real-world utility of these scores, 552

as presenting users with quality scores alongside 553

explanations improves their task accuracy and re- 554

duces over-reliance on the VLM. 555

An important direction is to develop adaptive 556

human-AI reliance strategies that learn when to 557

present explanations and quality scores and when 558

to suppress them, potentially utilizing bandit algo- 559

rithms to automate system-side abstention (Feng 560

and Boyd-Graber, 2022). Additionally, explanation 561

quality scores could be used as training objectives 562

to improve the generation of explanations. Finally, 563

future works should study how explanation quality 564

influences user trust over time. 565

4ECE is computed over the 100 samples used in the user
study, not the full evaluation set of 500 samples.

8



Limitations566

One limitation of our approach lies in the open-567

ended Contrastiveness evaluation. Its score quality568

is inherently partially bounded by the semantic569

quality of the generated hard negatives. While we570

validate that our generator produces challenging571

distractors in Section I, the metric remains sen-572

sitive to their plausibility; if distractors are too573

easily distinguished, the metric may overestimate574

confidence, whereas if they are semantically am-575

biguous, it may penalize valid reasoning. Thus,576

our metric’s resolution is coupled with the gener-577

ator’s capability. Second, while we demonstrate578

effectiveness on A-OKVQA, its multiple-choice579

format may not strictly be representative of real-580

world, open-ended visual queries. We attempt to581

bridge this by evaluating on open-ended VizWiz582

examples and the diverse MMMU-Pro benchmark,583

but future work should explore even broader task584

distributions. Finally, we only evaluate on English-585

language datasets and conduct user studies with586

fluent English speakers. Future work should ex-587

plore multilingual generalization.588

Ethics Statement589

This work was conducted with careful considera-590

tion of ethical implications. Human studies were591

conducted with informed consent through Pro-592

lific, with participants compensated at rates exceed-593

ing US minimum wage ($2 base + performance594

bonuses, see Section K.3.2). Participants were na-595

tive English speakers from the US with higher ed-596

ucation credentials (Table 17). We acknowledge597

this may limit generalizability across demographic598

groups.599

While our work aims to improve accessibility600

for blind and low-vision users by calibrating trust601

in VLM outputs, we recognize potential risks: (1)602

users might over-rely on quality scores themselves,603

(2) errors in quality assessment could disproportion-604

ately affect vulnerable populations, and (3) current605

English-only implementation excludes non-English606

speakers. Future work should address these limi-607

tations through multilingual support and extensive608

testing with blind/low-vision communities.609

The VizWiz dataset used contains questions610

from blind and low-vision users but is fully611

anonymized. In our human studies, the annotators612

were anonymized. We filtered NSFW content (Sec-613

tion K.2) and did not collect any additional personal614

information. All model outputs were manually re-615

viewed for offensive content before presentation to 616

study participants. 617

A-OKVQA and MMMU-Pro are released under 618

Apache-2.0 license. VizWiz is released under a CC 619

BY 4.0 license. GPT-4o is accessed via OPENAI 620

API under their terms of service. LLaVA-v1.5-7B 621

and Qwen2.5-VL-7B are both under Apache-2.0 622

license. soumyasanyal/nli-entailment-verifier-xxl 623

model we used for the NLI task (see Section D.1) 624

is under a CC By 4.0 license. 625

Our use of A-OKVQA and VizWiz aligns with 626

their intended research purposes for evaluating 627

VQA systems. We use language models consis- 628

tent with their intended purposes. 629

We used AI assistants (e.g., ChatGPT) for gram- 630

mar checking and code debugging, but not for pro- 631

ducing substantive scientific content or analysis. 632

All model outputs were reviewed and verified by 633

the authors. 634
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A Related Work856

Our work builds on insights from evaluation of857

explanation quality and their utility for decision858

support, and adapt them for a vision-language set-859

ting.860

Evaluating Explanation Quality. Prior work on861

evaluating explanation quality has largely focused862

on text-only domains, proposing metrics that as-863

sess informativeness (Chen et al., 2023), predic-864

tion support (Wiegreffe et al., 2022b; Hase et al.,865

2020), acceptability or helpfulness to users (Wiegr-866

effe et al., 2022a), and consistency across reason-867

ing chains (Golovneva et al., 2023; Prasad et al.,868

2023). Our work goes beyond textual plausibil-869

ity by introducing two novel explanation qualities870

tailored for vision-language settings. Visual Fi-871

delity has been explored for evaluating faithfulness872

of model-generated image captions (Madhyastha873

et al., 2019; Lee et al., 2023). Our work builds874

on these ideas to do zero-shot evaluation of expla-875

nations. Separately, recent work has investigated876

the calibration of verbalized confidence from mod-877

els directly (Xuan et al., 2025), whereas we derive878

calibration signals from the explanation content879

itself.880

Explanations for Decision Support. While881

some studies in open-domain QA suggest that882

explanations can help users detect model er-883

rors (González et al., 2021), many researches on884

utility of natural language explanations for decision885

support have found that plausible-sounding expla-886

nations (Jin et al., 2023) often mislead users into887

overrelying on inaccurate model predictions (Joshi888

et al., 2023; Si et al., 2024b; Chaleshtori et al.,889

2024; Sieker et al., 2024). Our work adds to these890

findings by showing that evaluating and commu-891

nicating explanation qualities to users can reduce892

overreliance.893

B Code and Data Availability894

Our codebase is available at https://anonymous.895

4open.science/r/vlm-quality-scores-31D9.896

C Prompts used for Answers and897

Rationales Generation898

We adopt a two-step, post-hoc justification strategy899

(IQ→ aE) inspired by (Wiegreffe et al., 2022b).900

In the first step, we prompt the model to produce901

only its answer prediction, without any accompa-902

nying rationale. In the second step, we present903

that predicted answer back to the model and ask 904

it to “Please explain the reasoning behind your 905

answer.” Note that for MMMU-Pro, due to its com- 906

plexity, we instead use a Chain-of-Thought strategy 907

(IQ→ Ea), prompting the model to generate the 908

explanation before the answer to facilitate reason- 909

ing. 910

By separating prediction from explanation, we 911

ensure that the extracted rationale truly reflects the 912

model’s own line of thought under the selected an- 913

swer. Section C shows the prompts used in every 914

step. Note that the first-step prompt is slightly dif- 915

ferent for A-OKVQA and VizWiz since the former 916

has answer choices but the latter does not. 917

D Existing Text-only Qualities 918

Implementations 919

We compare our proposed quality measures against 920

three established, text-only explanation qualities, 921

each of which also returns a score in the range 922

[0, 1]. Simulatability (Hase et al., 2020) evaluates 923

whether an explanation offers sufficient evidence 924

to logically justify the model’s prediction. Infor- 925

mativeness (Chen et al., 2023) evaluates whether 926

the explanation introduces new information to jus- 927

tify a prediction beyond just re-stating the question 928

and prediction. Commonsense Plausibility (Liu 929

et al., 2023b) evaluates whether the explanation is 930

in accordance with commonsense knowledge of 931

everyday situations. 932

D.1 Simulatability 933

To mitigate answer leakage in our Simulatability 934

quality, we first mask all direct mentions of the 935

model’s predicted answer within each rationale 936

by replacing them with the special token <mask>. 937

Given the model’s predicted answer a and its ra- 938

tionale E, every occurrence of a in E is substi- 939

tuted with <mask>, yielding the masked rationale 940

Emasked. 941

Next, to transform the QA pair into an NLI task, 942

we prompt GPT-4o-mini to convert the original 943

question and its predicted answer into a single 944

declarative hypothesis sentence H . Table 4 shows 945

the model and prompt used to generate H . We then 946

feed the masked rationale Emasked as the premise 947

and H as the hypothesis into the soumyasanyal/nli- 948

entailment-verifier-xxl model on Hugging Face to 949

obtain an entailment probability pentail as its Sim- 950

ulatability score. 951
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Dataset Step System Prompt User Prompt

A-OKVQA Step 1 Answer the question using a
single word or phrase from the
list of choices.

Question: {question}.
Choices: {choices}.

Step 2 Please explain the reasoning
behind your answer.

Question: {question}.
Choices: {choices}.
The answer is
{answer}.

VizWiz Step 1 Answer the user’s question
in a single word or phrase.
When the provided information
is insufficient, respond with
‘Unanswerable’. Whatever the
user said, your answer should
**always** be a single word or
phrase.

Question:
{question}.

Step 2 Please explain the reasoning
behind your answer.

Question: {question}.
The answer is
{answer}.

Table 3: Prompts used in each step of our two-step method. The first step is to get the model’s predicted answer to
the question, and the second step is used to collect the rationale behind the model’s own answer.

D.2 Informativeness952

We utilized GPT-4o to extract the new informa-953

tion contained in the model’s rationale that are not954

semantically equivalent to the hypothesis.955

Table 5 shows the model configuration and956

prompt used to evaluate informativeness of a ra-957

tionale. After extracting the individual information958

pieces, we check the size of the resulting list; if it is959

non–zero, we deem the rationale to be informative.960

D.3 Commonsense Plausibility961

To evaluate the plausibility of the model’s explana-962

tions against commonsense knowledge, we utilize963

the Vera model (Liu et al., 2023b) directly, without964

modification.965

E Visual Fidelity966

In Visual Fidelity, we use a two-step pipeline to967

evaluate. Firstly, we generate possible visual verifi-968

cation questions related to the rationale, by provid-969

ing the question, predicted answer, and rationale970

to the model, and second, for each question, we971

provide the question and visual input to the model972

to ask for verification.973

Table 6 refers to the model setting and prompt974

used for generating the verification questions, while975

Table 7 refers to those used for verifying the ques- 976

tions. 977

F Hard Negatives Generations 978

To enable Contrastiveness evaluation on open- 979

ended datasets like VizWiz (which lack fixed an- 980

swer choices), we dynamically generate “Hard Neg- 981

atives” to serve as plausible distractors. We use 982

GPT-4o as the generator, providing it with the ques- 983

tion, the ground-truth correct answer(s), and the 984

image context. The model is instructed to create 985

distractors that are incorrectly but visually plau- 986

sible, explicitly avoiding simple synonyms. This 987

aligns with prior work on automated distractor gen- 988

eration (Lu et al., 2022); however, unlike previ- 989

ous learning-based methods, we employ a training- 990

free approach using an off-the-shelf LLM. Table 8 991

shows the exact prompt used. 992

G Validation of Hard Negatives Strategy 993

To validate our strategy of dynamically generat- 994

ing hard negatives for open-set evaluation (as used 995

in VizWiz), we conducted an ablation study on 996

the A-OKVQA dataset. A-OKVQA typically pro- 997

vides 4 ground-truth answer choices (Closed-Set). 998

We stripped these choices and instead generated 999

hard negatives using the same pipeline applied 1000
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Config Assignment

Model gpt-4o-mini-2024-07-18

Max Tokens 1024
Temperature 0.1

User Prompt Integrate the question and the answer into one sentence. For example,
given the question "What is the man waiting for?" and the answer
"taxi", you should output "The man is waiting for taxi."
Question: {question}
Answer: {answer}

Table 4: Model configuration and prompt used to generate descriptive sentence

to VizWiz, effectively creating a “Reconstructed1001

Closed-Set” version of A-OKVQA.1002

Table 9 compares the performance of our Con-1003

trastiveness quality on the original Closed-Set vs.1004

the Reconstructed Closed-Set. We observe a con-1005

sistent drop in Discriminability (∼ 0.13) and a1006

rise in ECE (∼ 0.08) across all models. This indi-1007

cates that the generated hard negatives successfully1008

make the task more challenging, likely because the1009

generated distractors are semantically closer to the1010

correct answer than the original multiple-choice1011

options. However, crucially, the discriminability1012

scores remain positive and statistically significant1013

(e.g., 0.158∗∗∗ for Qwen2.5-VL-7B), confirming1014

that our metric remains valid and robust even in1015

this harder, constructed setting.1016

To further understand why the generated nega-1017

tives increase difficulty, we analyzed the semantic1018

proximity of the distractors to the correct answer us-1019

ing all-mpnet-base-v2. Across the 500-sample1020

set, the mean cosine similarity for Original Nega-1021

tives was 0.424, whereas for Generated Negatives1022

it rose to 0.468 (∆+ 0.044).1023

While A-OKVQA provides a rigorous base-1024

line with plausible distractors, our Reconstructed1025

Closed-Set method produces even more semanti-1026

cally proximal candidates. As shown in Table 10,1027

the generated options (e.g., “buttercream” vs “frost-1028

ing”) often require finer-grained visual discrimi-1029

nation than original distractors (e.g., “paint” vs1030

“frosting”). This suggests that LLM-generated hard1031

negatives serve as a harder mode for evaluation,1032

explaining the lower discriminability scores while1033

verifying the metric’s robustness efficiently.1034

H Uncertainty Quantification Baselines 1035

To situate our explanation quality metrics within 1036

broader uncertainty quantification literature, we 1037

compare them against a standard logit-based base- 1038

line. Specifically, for the LLaVA-v1.5-7B model 1039

(where we have access to output probabilities), we 1040

compute the softmax probability of the first token 1041

of predicted answer as a measure of model confi- 1042

dence. 1043

Table 11 presents the comparison on two con- 1044

trasting datasets: A-OKVQA (simpler visual 1045

reasoning) and MMMU-Pro (complex, multi- 1046

discipline reasoning). 1047

On A-OKVQA, the model’s intrinsic “intuition” 1048

(logits) is highly effective, achieving strong Dis- 1049

criminability (0.252) and excellent ECE (0.046). 1050

This suggests that for simpler tasks, raw confidence 1051

is a sufficient reliability indicator. 1052

On MMMU-Pro, however, this signal breaks 1053

down. Logits yield poor discriminability (0.055, 1054

not significant) and high calibration error (0.356). 1055

In contrast, our explanation quality metrics— 1056

particularly the product of Visual Fidelity and Con- 1057

trastiveness (SProd)—remain robust, achieving sta- 1058

tistically significant discriminability (0.090∗∗) and 1059

much better calibration (0.144). 1060

These results indicate that logits (which mea- 1061

sure answer confidence) and our metrics (which 1062

measure explanation reliability) are distinct signals. 1063

While logits suffice for simpler tasks, explanation 1064

quality offers a necessary and robust alternative 1065

for complex reasoning, particularly when model 1066

confidence becomes unreliable or inaccessible. 1067

From Table 12, we show our evaluation frame- 1068

work on four representative VQA instances. For 1069

each example, we provide the original question 1070

(and answer choices where applicable), image, 1071
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Config Assignment

Model gpt-4o-2024-05-13

Max Tokens 1024
Temperature 0.1

User Prompt Please break the following rationale into distinct pieces,
and keep only the ones that are not semantically equivalent
to the hypothesis. Output the final answer in a Python
list format.

Example:
Hypothesis: The man by the bags is waiting for a delivery.
Rationale: The man by the bags is waiting for a delivery,
as indicated by the presence of the suitcases and the
fact that he is standing on the side of the road. The
other options, such as a skateboarder, train, or cab, do
not seem to be relevant to the situation depicted in the
image.
Output: ["Suitcases are present in the image.", "The man
is standing on the side of the road.", "The other options,
such as a skateboarder, train, or cab, do not seem to be
relevant to the situation depicted in the image."]

Task:
Hypothesis: {hypothesis}
Rationale: {rationale}

Table 5: Model configuration and prompt used to evaluate informativeness of a rationale.

ground truth answer, the model’s selected answer1072

and rationale, and the corresponding scores for Sim-1073

ulatability, Informativeness, Commonsense Plausi-1074

bility, Visual Fidelity, and Contrastiveness. Note1075

that for VizWiz, the ground-truth answer is defined1076

as the majority vote among the 10 user annota-1077

tions from the original dataset, and since VizWiz1078

provides no answer choices, we do not compute a1079

Contrastiveness score.1080

I VizWiz Dataset Limitations and1081

Negative Discriminability1082

We observed that for VizWiz, particularly with1083

GPT-4o, the discriminability scores for our pro-1084

posed metrics (and baselines) are often low or neg-1085

ative (see Table 1). A negative discriminability1086

score implies that the model assigns higher quality1087

scores to “incorrect” predictions than to “correct”1088

ones.1089

Upon qualitative inspection, we found this phe-1090

nomenon is largely driven by the “Ground Truth1091

Problem” inherent in the VizWiz dataset. The 1092

ground truth answers are often narrow or specific, 1093

causing valid model predictions to be labeled as 1094

incorrect. Table 13 shows three representative ex- 1095

amples: 1096

• Setup Windows Example: The ground truth 1097

includes “windows 7 home premium”, but 1098

the GPT-4o model predicts “set up windows”, 1099

which accurately describes the visible title. 1100

This is marked incorrect, yet receives high 1101

quality scores. 1102

• Toronto Example: The ground truth is 1103

generic (“tall buildings”), but the GPT- 1104

4o model correctly identifies “downtown 1105

Toronto”. This specific identification is pe- 1106

nalized, again resulting in high quality scores 1107

for a “wrong” answer. 1108

• Keyboard Example: The ground truth lists 1109

various terms for a screen (e.g., “monitor”, 1110

“laptop”), but Qwen2.5-VL-7B predicts “key- 1111
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board”, identifying the other prominent object1112

in the blurry image. The explanation correctly1113

describes the keyboard’s features, leading to1114

high fidelity despite the answer mismatch.1115

To quantify this, an expert annotator manually1116

inspected 20 randomly sampled instances where1117

the model prediction was marked “incorrect” but1118

achieved a Visual Fidelity score > 0.9. We found1119

that for GPT-4o, 60% (12/20) of these cases were1120

actually valid answers rejected by the ground truth1121

(e.g., specific vs generic). This rate was lower for1122

Qwen2.5-VL-7B (25%, 5/20) and LLaVA-v1.5-7B1123

(15%, 3/20), confirming that GPT-4o’s “hallucina-1124

tions” on VizWiz are frequently artifacts of valid1125

but mismatched reasoning.1126

Because GPT-4o often provides these “over-1127

answering” or semantically valid but lexically dis-1128

tinct responses, it accumulates a large number of1129

high-quality “incorrect” samples, which inverts the1130

discriminability metric. This effect is less pro-1131

nounced in Qwen2.5-VL-7B and least in LLaVA-1132

v1.5-7B, which tend to generate shorter, simpler1133

answers closer to the crowd-sourced ground truths.1134

Thus, the negative discriminability reflects a limi-1135

tation of the evaluation ground truth rather than a1136

failure of the explanation quality metrics.1137

J Reliability and Validity of the Trust1138

Cues1139

J.1 Validation on Agreement with Human1140

Judgements1141

To validate the reliability of our automated Vi-1142

sual Fidelity and Contrastiveness qualities, we con-1143

ducted an internal sanity check on a held-out sam-1144

ple. We randomly selected 100 examples from1145

our evaluation sets and had a single expert annota-1146

tor manually assess each instance. The instruction1147

provided to the expert annotator is shown at Ta-1148

ble 16. We binarized our scores at a threshold of1149

0.5 (scores ≥ 0.5 map to 1, else 0) and compared1150

these labels to the human judgments using Cohen’s1151

κ:1152

κVF = 0.51 and κContr. = 0.44,1153

indicating moderate agreement.1154

J.2 Accuracy of LLM-generated verification1155

questions and answers1156

To quantify hallucination risk in the VF pipeline,1157

we sampled 50 explanations each from A-OKVQA1158

and VizWiz (total 210 verification questions pro- 1159

duced by mQGen and corresponding answers from 1160

mVerif ). Three expert annotators judged (i) whether 1161

each generated verification question was correctly 1162

grounded in the rationale and image, and (ii) 1163

whether the verifier’s answer was correct for ques- 1164

tions deemed evaluable from the image. We ob- 1165

served that 95.2% of generated questions were 1166

correctly grounded and 95.0% of verifier answers 1167

were correct. These results support using LLM-as- 1168

judge as a cost-efficient approximation to the ideal 1169

ground-truth VF scorer. 1170

J.3 Verifier robustness for Visual Fidelity 1171

We use GPT-4o by default for both question gener- 1172

ation (mQGen) and verification (mVerif ) to isolate 1173

pipeline effects. To assess robustness to verifier 1174

choice, we swap in smaller open models (Gemma- 1175

3n-E4B, Qwen2.5-VL-7B) and report changes in 1176

Discriminability (Disc; higher is better) and Ex- 1177

pected Calibration Error (ECE; lower is better) on 1178

held-out slices. 1179

As shown in Table 14 and Table 15, across 1180

A-OKVQA and VizWiz, all three verifiers yield 1181

positive discriminability on average (GPT-4o: 1182

0.109; Gemma-3n-E4B: 0.061; Qwen2.5-VL- 1183

7B: 0.154), and ECE remains comparably low 1184

(0.168/0.197/0.196 respectively). Thus, VF contin- 1185

ues to separate correct from incorrect predictions 1186

and stays well-calibrated even with using smaller 1187

open models as verifiers. 1188

K User Studies 1189

K.1 Annotator filtering 1190

To ensure high-quality annotations, we recruited 1191

annotators on Prolific using the criteria listed in 1192

Table 17. All participants identities were fully 1193

anonymized. All annotators provided informed 1194

consent through Prolific’s platform, which clearly 1195

described the task purpose, data use, and compen- 1196

sation prior to participation. 1197

This study protocol was reviewed and approved 1198

by our institution’s Institutional Review Board (the 1199

name of the institution will be included in the 1200

camera-ready version). 1201

All participants were required to be native En- 1202

glish speakers residing in the United States, with 1203

approval rates between 98–100% and at least 1000 1204

prior submissions. We further restricted enrollment 1205

to individuals holding at least an undergraduate 1206

degree. To prevent contamination across experi- 1207

16



mental conditions, each participant was confined1208

to a single “setting” (i.e., one quality-type configu-1209

ration).1210

K.2 Dataset Splits and User Study Design1211

Metric Evaluation Sets (500 instances) For the1212

quality evaluations detailed in Section 3, we se-1213

lected three 500-instance sets. From A-OKVQA,1214

we used the first 500 examples from the official1215

validation split. From VizWiz, we selected the first1216

500 validation examples where the majority human1217

annotation was not “unanswerable” and which con-1218

tained no NSFW content, as filtered by GPT-4o.1219

From MMMU-Pro, we used the first 500 examples1220

with single-image contexts from the standard (101221

options) set.1222

Human Study Subsets (100 instances) We con-1223

ducted a between-subjects user study where partici-1224

pants predicted VLM correctness based on varying1225

levels of explanation quality scores. To facilitate1226

this, we derived a subset of 100 questions each1227

from the A-OKVQA and VizWiz evaluation sets1228

described above.1229

These subsets were balanced to contain 50 cor-1230

rect and 50 incorrect predictions by LLaVA-v1.5-1231

7B. To ensure the subsets remained representative1232

of the larger distribution, we generated 50 random1233

candidate subsets and selected the one with the1234

lowest Expected Calibration Error (ECE) relative1235

to the full 500-instance set. Specifically, for A-1236

OKVQA, we minimized the average ECE across1237

Visual Fidelity and Contrastiveness; for VizWiz,1238

we minimized the ECE for Visual Fidelity (as Con-1239

trastiveness scores were unavailable during the sub-1240

set creation phase). As shown in Table 18 and1241

Table 19, this selection maintains a distribution1242

of quality scores consistent with the full set from1243

Section 3.1244

Study Protocol In the study, each question was1245

annotated by three unique participants, yielding1246

300 annotations per dataset per condition. Each1247

participant completed a batch of 10 questions, bal-1248

anced to include five instances where the model1249

was correct and five where it was incorrect; partici-1250

pants were not informed of this distribution. Users1251

were randomly assigned to a single study condition1252

(control or a treatment variant) and did not partic-1253

ipate in multiple conditions. In total, we collect1254

300 human annotations per dataset and condition (31255

users × 100 questions), capturing user reliance be-1256

havior under varying explanation and quality signal1257

conditions. 1258

K.3 Attention Incentives 1259

To ensure that participants engaged carefully with 1260

each instance’s annotation, we combined a per-item 1261

timer with small monetary bonuses and penalties. 1262

K.3.1 Timer Implementation 1263

To ensure that participants spent sufficient time 1264

on each stage (and did not simply skim and click 1265

through), we imposed a per-item timer in all of 1266

our human studies. The user may only start their 1267

selection after the timer ends. For each question, 1268

we computed the explanation’s “reading time” as 1269

reading_time =
#words in explanation
238 words/minute

1270

where 238 wpm is the average adult reading 1271

speed (Brysbaert, 2019). 1272

We then capped the total display time at 1273

reading_time + 10 seconds 1274

to cover the question, answers, and any qualites 1275

shown. 1276

K.3.2 Bonus Payments 1277

To further motivate careful reading and discour- 1278

age guessing, we tied each response to a small 1279

bonus bank: correct answers earned +$0.10; incor- 1280

rect answers incurred−$0.10 (with the bonus bank 1281

floored at $0 so it would not harm their base pay- 1282

ments); selecting “I’m unsure based on the informa- 1283

tion provided” resulted in no change. Participants 1284

were paid their accumulated bonus in addition to 1285

the base participation fee of $2 for annotating 10 1286

instances. 1287

K.4 User Studies Settings & Examples 1288

In the main user study, we present 14 settings in 1289

total. Table 20 summarizes all 14 different settings 1290

and Figure 9 shows examples of all 8 different cat- 1291

egories of messages presented to users. Table 21 1292

contains the main user-study results of user behav- 1293

ior patterns. 1294

K.5 Supplementary Human Studies 1295

In addition to the study described in §4.2 and Sec- 1296

tion K.4, we ran a supplementary user study to eval- 1297

uate how explanations and qualities affect users’ 1298

trust in model predictions. Each of the 10 questions 1299

was presented in three successive stages; after each 1300

stage, participants indicated whether they believed 1301

the model’s answer was correct or were unsure: 1302
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(a) Control (no quality) (b) VF – Numeric quality

(c) Contr. – Numeric quality
(d) VF×Contr. (shown as a simple confidence score) – Nu-
meric quality

(e) Both VF and Contr. – Numeric quality (f) VF – Descriptive quality

(g) Contr. – Descriptive quality (h) Both VF and Contr. – Descriptive quality

Figure 9: Explanation quality messages for each instruction condition. Subfigure a is the baseline with no quality
displayed; the next three (b–e) show numeric qualities; the remaining four (f–h) show descriptive ones.

1. Answer Only: Participants viewed only the1303

question, answer choices (if available), and1304

model prediction.1305

2. With Explanation: Participants were provided1306

with AI-generated rationales alongside predic-1307

tions.1308

3. With Explanation + Quality: Qualities (var-1309

ied from our experiment settings, e.g. Visual1310

Fidelity and Contrastiveness) were displayed1311

alongside explanations.1312

This three-stage design of the user study enables1313

us to track how users’ confidence in the model’s1314

correctness evolves as they receive additional infor-1315

mation.1316

Timed Stages in Supplementary Human Studies1317

To standardize attention across conditions, we also1318

enforced a stage-specific timer, where the users can1319

only make their selections at a stage after the timer1320

at that stage ends:1321

1. Answer Only: fixed 5 seconds1322

2. With Explanation: explanation reading time1323

(words / 238 wpm) (roughly 10–40 seconds)1324

3. Explanation + Quality: fixed 5 seconds 1325

Bonus Payments in Supplementary Human 1326

Studies Participants were paid a $2 base fee and 1327

could earn up to $1 in performance-based bonuses, 1328

which were awarded only during Stage 3 (Explana- 1329

tion + Quality; see Section K.3.2). 1330

Table 22 shows that as users progress from see- 1331

ing only the model’s answer to viewing explana- 1332

tions and then explanations with quality scores, 1333

their unsure rate steadily decreases while user ac- 1334

curacy correspondingly increases, with the largest 1335

gains observed when descriptive qualities are pro- 1336

vided alongside explanations. These findings sup- 1337

port our findings that richer, more interpretable 1338

quality signals can meaningfully improve users’ 1339

trust calibration. 1340

L Computational Resources Spent & 1341

Total Cost 1342

The complete breakdown of all monetary expendi- 1343

tures across the study is given in Table 23. In brief, 1344

the computational expenses include six hours of 1345

A100 GPU time for running the vision-language 1346

models, plus OpenAI API calls for generating pre- 1347

dicted answers, explanations, and computing qual- 1348

18



ities. Human evaluation costs cover two Prolific1349

studies—a one-stage study as shown in Section K.41350

and a three-stage follow-up from Section K.5 (in-1351

cluding up to $1.00 in per-participation bonuses;1352

see Section K.3.2).1353

Altogether, these sum to an overall expense of1354

approximately $2,827.1355
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Config Assignment

Model gpt-4o-2024-08-06

Max Tokens 1024
Temperature 0.1

User prompt: You will be shown a question about an image, along with an answer, and a rationale that
explains the answer based on details from the image. Your task is to generate a list of yes/no
questions that verify the details about the image that are **explicitly** mentioned in the rationale.
Your questions should be phrased such that the answer to that question being yes means that the
detail in the rationale is correct. Focus on creating questions that can be visually verified
or refuted based on the details provided in the rationale. Ensure the questions are specific and
directly pertain to aspects that are visually relevant and mentioned in the rationale. Avoid generating
questions about elements that are not mentioned in the rationale, or the rationale explicitly states are
not relevant or present. Also avoid generating multiple questions that check for the same visual detail.

Here is one example:
Input:
Question: Why is the person wearing a helmet?
Answer: For safety
Rationale: The person is wearing a helmet because they are riding a bicycle on a busy city street.
Helmets are commonly used to protect against head injuries in case of accidents, especially in areas
with heavy traffic.

Good Questions:
1. Is the person wearing a helmet while riding a bicycle?
Reason: This question is directly answerable by observing whether the person on the bicycle is wearing
a helmet in the image.
2. Is the street in the image busy with traffic?
Reason: This question can be visually verified by looking at the amount of traffic on the street in
the image.

Bad Questions:
1. Is the person wearing the helmet because they are concerned about head injuries?
Reason: This question is not good because it assumes the person’s intentions or concerns, which cannot
be visually verified from the image.
2. Does wearing a helmet suggest that the person is highly safety-conscious?
Reason: This question relies on inference and external knowledge about the person’s mindset, rather
than on observable details from the image.
3. Is there any indication that the person is wearing a helmet for safety reasons?
Reason: This question verifies the answer to the original question, rather than verifying a detail
about the image that’s mentioned in the rationale.
4. Is the person wearing a safety vest?
Reason: This question is not good because it tries to verify details about the image that are not
explicitly mentioned in the rationale.
5. Is the person not wearing sunglasses?
Reason: This question is not good because it asks for verification by absence and can only be answered
with a "no," which is not the preferred type of question.

Respond with a list of (good) questions (without the reasons), starting from ‘1. ’

Table 6: Model configuration and prompt used to generate verification visual questions of a rationale.

Config Assignment

Model gpt-4o-2024-08-06

Max Tokens 1024
Temperature 0.1

User prompt: Question: {question}. Based on the information provided in the image,
answer with ‘yes’ or ‘no’. Provide one-word answer only.

Table 7: Model configuration and prompt used to verify the visual questions generated from Table 6.
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Hard Negatives Generation Prompt

Given the following question, its correct answer(s), and the accompanying image, generate exactly THREE (3) different "Hard
Negative" answers.

Context:
Question: {question}
Correct Answer(s): {valid_answers_str}

Your Goal: Generate 3 "Hard Negative" distractors.
A "Hard Negative" must be:
1. Incorrect: It must NOT be a synonym or a close grammatical variation of the correct answer(s).
2. Visually Plausible: Ideally, it refers to something else visible in the image or common in this context.
3. Challenging: It should be a reasonable guess for a Model that didn’t pay perfect attention effectively.

Constraints:
- NO Synonyms: If the answer is "bike", do NOT generate "bicycle".
- Format: Provide exactly THREE (3) comma-separated phrases. No numbering, no extra text.
- Length: Short, concise (1-3 words).

Table 8: System prompt used to generate hard negatives for Contrastiveness evaluation on open-ended datasets
(VizWiz).

Model Metric Closed-Set Reconstructed Closed-Set Delta
(Original) (Generated Hard Negatives)

GPT-4o Disc (↑) 0.248∗∗∗ 0.111∗ −0.137
ECE (↓) 0.210 0.312 +0.102

Qwen2.5-VL-7B Disc (↑) 0.283∗∗∗ 0.158∗∗∗ −0.125
ECE (↓) 0.136 0.235 +0.099

LLaVA-v1.5-7B Disc (↑) 0.243∗∗∗ 0.112∗∗∗ −0.131
ECE (↓) 0.176 0.233 +0.057

Table 9: Ablation study on A-OKVQA comparing standard Closed-Set evaluation (using ground-truth options) vs.
Reconstructed Closed-Set evaluation (using generated hard negatives) for the Contrastiveness quality. The generated
negatives significantly increase task difficulty.

Image Question Correct Original Negatives (Sim) Generated Negatives (Sim)

What kind of coating
has been used?

frosting polish, paint, varnish
(Ssim = 0.27)

buttercream, whipped cream,
glaze
(Ssim = 0.58)

In what type of location
are they playing with
the body board?

room beach, park, store
(Ssim = 0.28)

living room, hallway, garage
(Ssim = 0.58)

Table 10: Comparison of Original (Closed-Set) vs. Generated (Reconstructed Closed-Set) distractors for matching
A-OKVQA questions. The generated negatives are often semantically closer to the correct answer (higher similarity
Ssim), making the discrimination task harder.
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A-OKVQA (Simpler) MMMU-Pro (Harder)

Metric Disc. ↑ ECE ↓ Disc. ↑ ECE ↓

Model Confidence (Logits) 0.252∗∗∗ 0.046 0.055 0.356

VF 0.181∗∗∗ 0.197 0.169∗∗ 0.558
Contr. 0.243∗∗∗ 0.176 0.047 0.221
Avg(VF, Contr.) 0.212∗∗∗ 0.109 0.108∗∗ 0.360
Prod(VF, Contr.) 0.320∗∗∗ 0.164 0.090∗∗ 0.144

Table 11: Comparison of our explanation quality metrics against a Logit-based Baseline (softmax probability of the
predicted answer’s first token) on LLaVA-v1.5-7B. Significance is evaluated using an unpaired t-test: ∗∗∗ p < 0.001,
∗∗ p < 0.01, ∗ p < 0.05.

Dataset Question Answer
Choices

Image Ground
Truth

Predicted
An-
swer

LLaVA-v1.5-7B Explanation Sim. Info. Plau. VF Contr.

A-
OKVQA

What is
the white
substance on
top of the
cupcakes?

butter,
mayo, ice
cream,
icing

icing icing The white substance on top of the cup-
cakes is icing. This can be inferred from
the fact that icing is commonly used as
a topping for cupcakes to enhance their
flavor and appearance. In the image,
there are three cupcakes with icing on
top, which indicates that they have been
decorated with icing as part of their pre-
sentation. Additionally, icing is a com-
mon ingredient in cupcake recipes, so it
is reasonable to assume that the white
substance on top of the cupcakes is in-
deed icing.

0.391 1.000 0.473 1.000 0.996

A-
OKVQA

What is the
descriptive
word for this
surface?

barren,
crowded,
minimal-
ist, empty

crowded empty The surface in the image is described
as empty. This implies that there are
no other objects or items on the surface,
making it a minimalist and uncluttered
space. The presence of a black cat sit-
ting in front of a computer screen fur-
ther emphasizes the emptiness of the
surface, as the cat is the only object oc-
cupying the space.

0.964 1.000 0.566 0.500 0.393

VizWiz What color
are those
pants?

blue, red,
green

pink,
pink
white
check-
ered

pink The man is wearing pink pajamas,
which is an unusual choice for a casual
setting.

0.025 1.000 0.397 1.000 0.073

VizWiz What is in
this bottle?

pen, laser
pointer,
small
torch

bacon
bits,
hormel
bacon
bits,
bacon

spices The person holding the bottle of spices
is likely using it to season their food,
adding flavor and aroma to various
dishes. Spices are commonly used in
cooking as they can enhance the taste
of ingredients and create unique flavor
combinations. The hand holding the
bottle suggests that the person might be
preparing a meal or experimenting with
different spice blends for their culinary
creations.

0.999 1.000 0.566 0.500 0.555

Table 12: Four VQA examples from both A-OKVQA and VizWiz datasets with model predictions, explanations,
and qualities. The predicted answer and explanation are from LLaVA-v1.5-7B model. Answer choices in VizWiz
examples (shown in gray) are generated negatives from the ground truth, which are not shown to the VLM model
when generating the predictions and explanations and are only provided to compute the contrastiveness (shown in
gray).
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Question Image Ground Truth
List

Model Prediction Explanation VF Contr.

What does
the screen
say?

windows 7
home premium,
windows, win-
dows home
premium

GPT-4o set up win-
dows

The screen displays the setup process
for Windows 7 Home Premium. It
prompts the user to choose a user name
for their account and name their com-
puter to distinguish it on the network.
The text on the screen includes: - "Set
Up Windows" - "Windows 7 Home Pre-
mium" - "Choose a user name for your
account and name your computer to dis-
tinguish it on the network." - "Type a
user name (for example, John):" - "Type
a computer name:" - "PC" - "Copyright
© 2009 Microsoft Corporation. All
rights reserved."

1.000 0.585

What is this? tall buildings,
buildings, city
landscape,
downtown city,
city buildings,
skyscrapers, city

GPT-4o downtown
Toronto

The image shows a cityscape with sev-
eral tall buildings, one of which has
the TD (Toronto-Dominion) logo promi-
nently displayed. This suggests that the
location is likely in downtown Toronto,
where TD Bank has a significant pres-
ence. The mix of modern and older ar-
chitecture is also characteristic of down-
town Toronto. Therefore, the answer is
indeed downtown Toronto.

1.000 0.659

What’s this? room, half com-
puter screen,
monitor, lap-
top, computer
screen, com-
puter monitor,
tv

Qwen2.5-
VL-7B

keyboard The image shows a piece of electronic
equipment that appears to be an elec-
tronic keyboard or synthesizer. It has
keys similar to a piano and is positioned
next to what looks like a computer mon-
itor, suggesting it might be used for
music production or performance. The
lighting is dim, and the image quality is
low, making it difficult to discern finer
details, but the shape and layout of the
keys are consistent with a keyboard.

1.000 0.999

Table 13: Examples of “Incorrect” VizWiz predictions that received high Explanation Quality scores. In these cases,
the model provides a semantically valid or more specific answer than the ground truth, leading to a “False Negative”
error judgment despite high Visual Fidelity and Contrastiveness.

Dataset Model Accuracy Disc VF(GPT) Disc VF(Gemma) Disc VF(Qwen)

A-OKVQA LLaVA-v1.5-7B 0.696 0.181∗∗∗ 0.151∗∗∗ 0.247∗∗∗

A-OKVQA Qwen2.5-VL-7B 0.848 0.080∗∗∗ 0.096∗∗ 0.131∗∗∗

A-OKVQA GPT-4o 0.910 0.085∗∗∗ 0.044 0.156∗∗∗

VizWiz LLaVA-v1.5-7B 0.557 0.240∗∗∗ 0.098∗∗∗ 0.193∗∗∗

VizWiz Qwen2.5-VL-7B 0.838 0.042∗ 0.024 0.092∗∗∗

VizWiz GPT-4o 0.840 0.024 −0.048 0.104∗∗

Average 0.781 0.109 0.061 0.154

Table 14: Discriminability of VF scores across verifier models (higher is better). Significance: ∗ p<.05, ∗∗ p<.01,
∗∗∗ p<.001.
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Dataset Model Accuracy ECE VF(GPT) ECE VF(Gemma) ECE VF(Qwen)

A-OKVQA LLaVA-v1.5-7B 0.696 0.207 0.156 0.181
A-OKVQA Qwen2.5-VL-7B 0.848 0.137 0.174 0.177
A-OKVQA GPT-4o 0.910 0.099 0.209 0.173
VizWiz LLaVA-v1.5-7B 0.557 0.271 0.303 0.310
VizWiz Qwen2.5-VL-7B 0.838 0.136 0.134 0.161
VizWiz GPT-4o 0.840 0.160 0.205 0.174

Average 0.781 0.168 0.197 0.196

Table 15: Expected Calibration Error (ECE) of VF scores across verifier models (lower is better).

Criterion Instruction

Visual Fidelity In this task, you’ll view an image, and a question about the image. You will then see
an answer to the question given by an AI model, along with an explanation.
Your job is to evaluate whether the details in the explanation are consistent with the
image that is shown.
You’ll select one of these choices:
0: The explanation does not mention any details / elements that are directly visible
in the image (apart from the prediction itself). Or the explanation mentions details
about the image, but one or more of those details are incorrect (they contradict what
is visible in the image).
1: The explanation mentions details about the image, and all the details are consistent
with the image.
IMPORTANT NOTE: Your job is NOT to check the correctness of the AI model’s
answer. It could be that the answer or the logic in the response is incorrect, but the
explanation talks about something that is directly in the image. It can also be that
the answer is correct, but the explanation does not refer to the image or presents
inconsistent details!
IMPORTANT: See examples from this form (https://forms.gle/nvpcQ7fpLoFqsLiJ9)
before proceeding!

Contrastiveness In this task, you’ll view a question about an image (without seeing the image). You
will also see an answer from an AI model, along with an explanation (the model has
access to the image). Your job is to evaluate whether the explanation meets these
two key qualities:

• You check if the explanation is consistent with the predicted answer.
• You can ask yourself this question: “Does the explanation provide evidence that

matches with the answer it gives?”
You check if the explanation covers enough details to reject all other possible
answers. You can ask yourself this question: “Does the explanation eliminate
all other answers with proper justifications?” By eliminate, we mean that the
explanation should provide a strong argument for the selection answer, or strong
counter arguments for the other options. You’ll decide whether the explanation has
these qualities.
IMPORTANT: See examples from this form
(https://forms.gle/HYp6N44TpsjAoxHa6) before proceeding!

Table 16: Instructions Provided to the Expert Annotator
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Config Criteria

Location United States
Current Country of Residence United States
Primary Language English
Approval Rate 98-100
Number of previous submissions 1000-10000
Highest education level completed Undergraduate degree (BA/BSc/other), Graduate degree

(MA/MSc/MPhil/other), Doctorate degree (PhD/other)
Exclude participants from other studies Prohibit any user who took part in a different setting

Table 17: Prolific annotator filtering

Set Accuracy VF Contr. Prod(VF, Contr.) Min(VF, Contr.) Avg(VF, Contr.) Support Informative Plausibility

Full (500) 0.696 0.207 0.176 0.164 0.147 0.109 0.288 0.332 0.162
Subset (100) 0.500 0.270 0.237 0.133 0.130 0.227 0.372 0.490 0.075

Table 18: Accuracy and Expected Calibration Error (ECE) for different qualities on the A-OKVQA dataset. “Subset”
rows correspond to the 100-question user study subsets (50 correct / 50 incorrect), while “Full” rows represent the
500-instance evaluation set.

Set Accuracy VF Support Informative Plausibility

Full (500) 0.557 0.271 0.305 0.429 0.110
Subset (100) 0.500 0.236 0.379 0.390 0.071

Table 19: Accuracy and Expected Calibration Error (ECE) for different qualities on the VizWiz dataset.

Setting Description

Control Show explanation only; no quality scores are shown.
Random Score Random scoring baseline (uniform random distribution from [0, 1]), shown as a simple confidence

score “AI Confidence that the explanation is correct”.
Prod(VF, Contr) Product of VF and Contrast scores, shown as a simple confidence score “AI Confidence that the

explanation is correct”.
Avg(VF, Contr) Average of VF and Contrast scores, shown as a simple confidence score “AI Confidence that the

explanation is correct”.
VF num. Show Visual Fidelity numeric score “AI Confidence that the explanation accurately describes the

image details”
VF desc. Show at most two descriptive sentences converted from visual questions which are verified by

verifier VLM mVerif, and at most two from questions which are not verified by mVerif

Contr. num. Show Contrastiveness score “AI Confidence that the explanation rules out the other choices”
Contr. desc. Show the other answer options aj ̸= a0 s.t. PRNLI(P entails hj) ≥ 0.5
Both num. Display both VF num. and Contr. num. messages
Both desc. Display both VF desc. and Contr. desc. messages
VF shown as Conf. VF score displayed as a simple confidence score “AI Confidence that the explanation is correct”
Contr shown as Conf. Contr. score displayed as a simple confidence score “AI Confidence that the explanation is

correct”
Prod shown as VF VF×Contr. score presented as a VF score “AI Confidence that the explanation accurately

describes the image details”
Prod shown as Contr. Combined VF×Contr. score presented as a Contr. score “AI Confidence that the explanation

rules out the other choices”

Table 20: Summary of the 14 one-step human-study settings.
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Dataset Setting Unsure Rate Not Unsure
Accept Rate

Not Unsure
Accuracy

False Accept
Rate

False Reject
Rate

A-OKVQA

Control 08.7% ± 1.6% 76.3% ± 2.6% 59.1% ± 3.0% 60.7% ± 2.7% 14.0% ± 1.5%
Random Score 14.3% ± 2.0% 70.0% ± 2.9% 59.9% ± 3.1% 50.7% ± 2.5% 18.0% ± 1.7%
Prod(VF, Contr.) 09.3% ± 1.7% 69.9% ± 2.8% 70.2% ± 2.8% 45.3% ± 2.4% 08.7% ± 1.2%
Avg(VF, Contr.) 07.3% ± 1.5% 74.8% ± 2.6% 66.2% ± 2.8% 52.7% ± 2.5% 10.0% ± 1.3%
VF num. 07.3% ± 1.5% 76.3% ± 2.6% 62.9% ± 2.9% 58.7% ± 2.6% 10.0% ± 1.3%
VF desc. 09.7% ± 1.7% 69.4% ± 2.8% 68.6% ± 2.8% 45.3% ± 2.4% 11.3% ± 1.3%
Contr. num. 09.0% ± 1.7% 77.7% ± 2.5% 64.1% ± 2.9% 56.7% ± 2.6% 08.7% ± 1.2%
Contr. desc. 06.0% ± 1.4% 71.6% ± 2.7% 61.3% ± 2.9% 56.7% ± 2.6% 16.0% ± 1.6%
Both num. 10.7% ± 1.8% 72.8% ± 2.7% 66.4% ± 2.9% 48.7% ± 2.5% 11.3% ± 1.3%
Both desc. 08.7% ± 1.6% 68.2% ± 2.8% 67.2% ± 2.8% 46.0% ± 2.4% 14.0% ± 1.5%
VF shown as Conf. 07.0% ± 1.5% 77.8% ± 2.5% 61.3% ± 2.9% 60.0% ± 2.7% 12.0% ± 1.4%
Contr. shown as Conf. 08.3% ± 1.6% 74.5% ± 2.6% 69.1% ± 2.8% 50.0% ± 2.5% 06.7% ± 1.0%
Prod shown as VF 07.7% ± 1.5% 65.7% ± 2.9% 67.5% ± 2.8% 44.4% ± 2.4% 16.0% ± 1.6%
Prod shown as Contr. 08.0% ± 1.6% 70.3% ± 2.8% 68.5% ± 2.8% 44.7% ± 2.4% 13.3% ± 1.4%

VizWiz
Control 07.3% ± 1.5% 70.5% ± 2.7% 59.4% ± 3.0% 55.3% ± 2.6% 20.0% ± 1.7%
VF num. 09.3% ± 1.7% 65.1% ± 2.9% 64.7% ± 2.9% 44.7% ± 2.4% 19.3% ± 1.7%
VF desc. 10.3% ± 1.8% 67.3% ± 2.9% 69.1% ± 2.8% 42.0% ± 2.4% 13.3% ± 1.4%

Table 21: User-study results on A-OKVQA and VizWiz in the one-stage setting. Each row received 300 annotations
(100 questions × 3 annotations per question).

Dataset VLM User study setting #Ann. After Stage 1 After Stage 2 After Stage 3

Unsure Rate User Accuracy Unsure Rate User Accuracy Unsure Rate User Accuracy

A-OKVQA LLaVA

VF num. 300 65.3% ± 2.8% 67.3% ± 4.6% 19.0% ± 2.3% 63.4% ± 3.1% 5.0% ± 1.3% 63.5% ± 2.9%
Contr num. 300 65.7% ± 2.7% 58.3% ± 4.9% 17.7% ± 2.2% 60.7% ± 3.1% 6.3% ± 1.4% 61.2% ± 2.9%
Both num. 300 77.3% ± 2.4% 58.8% ± 6.0% 38.0% ± 2.8% 54.8% ± 3.7% 9.7% ± 1.7% 64.2% ± 2.9%
Avg(VF, Contr.) 300 86.0% ± 2.0% 54.8% ± 7.8% 35.3% ± 2.8% 63.9% ± 3.5% 6.0% ± 1.4% 63.5% ± 2.9%
VF desc. 300 67.3% ± 2.7% 59.2% ± 5.0% 19.7% ± 2.3% 59.3% ± 3.2% 3.7% ± 1.1% 62.3% ± 2.9%
Contr desc. 300 63.0% ± 2.8% 64.9% ± 4.6% 17.0% ± 2.2% 63.1% ± 3.1% 8.7% ± 1.6% 59.5% ± 3.0%
Both desc. 290 70.7% ± 2.7% 47.1% ± 5.4% 23.8% ± 2.5% 57.9% ± 3.3% 8.3% ± 1.6% 64.7% ± 2.9%

VizWiz Qwen2.5 VF num. 300 57.7% ± 2.9% 59.8% ± 4.4% 5.7% ± 1.3% 65.7% ± 2.8% 1.7% ± 0.7% 65.1% ± 2.8%
VF desc. 300 58.7% ± 2.8% 66.1% ± 4.3% 17.7% ± 2.2% 65.2% ± 3.0% 4.7% ± 1.2% 67.5% ± 2.8%

Table 22: User-study results on A-OKVQA and VizWiz in the three-stages setting.

Study & Step Activity Total Cost

Predicted answer & Explanation Generation (LLaVA-v1.5-7B
& Qwen2.5-VL-7B)

GPU inference (A100, 6h) —

Predicted answer & Explanation Generation (GPT-4o) OpenAI API call ≈$30
Qualities Computation OpenAI API call ≈$120
Human Study (One-stage) Prolific participant pay $1,561
Supplementary Human Study (Three-stages) Prolific participant pay $1,116

≈$2,827

Table 23: Monetary Cost Breakdown
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