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Abstract001

Chain-of-Thought reasoning is widely used002
to improve the interpretability of multimodal003
large language models (MLLMs), yet the faith-004
fulness of the generated reasoning traces re-005
mains unclear. Prior work has mainly focused006
on perceptual hallucinations, leaving reason-007
ing level unfaithfulness underexplored. To iso-008
late faithfulness from linguistic priors, we intro-009
duce SPD-Faith Bench, a diagnostic benchmark010
based on fine-grained image difference reason-011
ing that enforces explicit visual comparison.012
Evaluations on state-of-the-art MLLMs reveal013
two systematic failure modes, perceptual blind-014
ness and perception-reasoning dissociation. We015
trace these failures to decaying visual attention016
and representation shifts in the residual stream.017
Guided by this analysis, we propose SAGE,018
a train-free visual evidence-calibrated frame-019
work that improves visual routing and aligns020
reasoning with perception. Our results high-021
light the importance of explicitly evaluating022
faithfulness beyond response correctness. Our023
benchmark and codes are available at https://024
anonymous.4open.science/r/SPD-Faith/.025

1 Introduction026

Chain-of-Thought (CoT) reasoning (Wei et al.,027

2022) has become a standard mechanism for im-028

proving the interpretability of Multimodal Large029

Language Models (MLLMs) by exposing interme-030

diate decision steps (Bai et al., 2023; Dai et al.,031

2023; Gong et al., 2023; Zhang et al., 2024b;032

Gao et al., 2024; Mitra et al., 2024; Jiang et al.,033

2025). Ideally, these reasoning traces should faith-034

fully reflect how visual evidence supports the final035

prediction. However, growing evidence suggests036

that such traces often act as post hoc rationaliza-037

tions (Lanham et al., 2023; Turpin et al., 2023),038

raising concerns about whether multimodal models039

truly reason based on what they see.040

Existing studies on multimodal faithfulness have041

primarily focused on perceptual hallucinations,042

Figure 1: An illustrative example demonstrating that an
MLLM may produce mutually inconsistent binary judg-
ments for an identical image pair, alternately predicting
“same” and “different”.

where models describe visual content that does 043

not exist (Li et al., 2023; Rohrbach et al., 2018). 044

While these efforts are important, they do not fully 045

address a complementary issue: even when models 046

attend to relevant visual regions, their reasoning 047

traces may still diverge from the underlying de- 048

cision process. As a result, failures of reasoning 049

faithfulness can remain hidden behind fluent and 050

seemingly coherent explanations. 051

To explicitly probe this gap, we identify Image 052

Difference Caption (IDC) as a suitable diagnos- 053

tic setting. By requiring fine-grained comparison 054

between paired images, this setting limits linguis- 055

tic shortcuts and enforces reliance on visual evi- 056

dence. Based on this insight, we introduce SPD- 057
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Table 1: Comparison of our SPD-Faith Bench with existing benchmarks. “Diff. Levels” indicates whether the
dataset provides stratified difficulty levels (i.e., Easy/Medium/Hard). The metrics “DS” and “DQR” are related to
global perception. “TF1” and “CF1” are related to faithful perception. “CR” and “DRF” are grouped into faithful
reasoning. More details of our benchmark and evaluation metrics can be found in Section 3.

Dataset Task Total Img. Scene Human Ann. Diff. Levels Caption Words Evaluation Metrics

CLEVR-Change (Park et al., 2019) IDC 70k Synthetic ✗ ✗ Medium N-Gram Metrics
Spot-the-Diff (Jhamtani and Berg-Kirkpatrick, 2018) IDC 13k Parking ✓ ✗ Short N-Gram Metrics
Birds-to-Words (Forbes et al., 2019) IDC 4.8k Birds ✓ ✗ Medium N-Gram Metrics
IEdit (Tan et al., 2019) IDC 4k Natural ✓ ✗ Short N-Gram Metrics
PSBattle (Black et al., 2024) IDC 100 Natural ✓ ✗ Short N-Gram Metrics

MME (Fu et al., 2025) General 1.1k Natural ✓ ✗ None Binary Accuracy
POPE (Li et al., 2023) Hallucination 500 Natural ✗ ✗ None Binary Accuracy
CHAIR (Rohrbach et al., 2018) Hallucination 5k Natural ✓ ✗ Medium CHAIRs, CHAIRi

SPD-Faith Bench (Ours) Faithfulness 3k Natural ✓ ✓ Long DS, DQR, TF1, CF1, CR, DRF

Faith Bench, a diagnostic benchmark designed to058

decouple visual perception from linguistic priors059

and evaluate reasoning faithfulness (see Table 1).060

The benchmark comprises 3,000 image pairs, and061

is rigorously stratified into a single-difference sub-062

set (categorized into easy, medium, and hard levels063

based on instance density) and a multi-difference064

subset (featuring controlled compositions of 2–5065

differences). Besides, to systematically quantify066

reasoning performance on our SPD-Faith Bench,067

we design a rigorous evaluation protocol spanning068

three dimensions: global perception, faithful per-069

ception, and faithful reasoning.070

Using the SPD-Faith Bench and protocol, we071

conduct an extensive evaluation of 12 state-of-the-072

art open-source and proprietary MLLMs. We un-073

cover two prevalent failure modes, perceptual blind-074

ness and perception-reasoning dissociation. Fur-075

ther analysis shows that these failures are driven by076

decaying visual attention and residual stream rep-077

resentation shifts during reasoning. Motivated by078

these findings, we propose SAGE, a train-free vi-079

sual evidence-calibrated framework that improves080

visual routing and aligns reasoning with perception.081

Before delving into details, we summarize our082

contributions as follows:083

• (Diagnostic Benchmark) We introduce SPD-084

Faith Bench, a diagnostic benchmark that085

leverages fine-grained image difference rea-086

soning to decouple visual perception from lin-087

guistic priors and explicitly evaluate reasoning088

faithfulness in MLLMs.089

• (Mechanism Discovery) Through systematic090

evaluation and mechanistic analysis, we iden-091

tify two common failure modes, perceptual092

blindness and perception-reasoning dissoci-093

ation, and reveal their underlying causes in094

attention decay and residual stream dynamics.095

• (Innovative Solution) We propose SAGE, a 096

train-free visual evidence calibrated frame- 097

work that improves visual routing and aligns 098

reasoning with perception, leading to consis- 099

tent gains in reasoning faithfulness. 100

2 Related Work 101

2.1 Faithfulness in Multimodal Reasoning 102

While Chain-of-Thought (CoT) reasoning en- 103

hances the performance of MLLMs (Zhang et al., 104

2023; Wang et al., 2025; Peng et al., 2025; Zhang 105

et al., 2025b; Shao et al., 2024; Zhang et al., 2024a; 106

Du et al., 2024; Wu et al., 2025; Wei et al., 2024; 107

Guo et al., 2025; Luo et al., 2025), growing evi- 108

dence suggests that generated traces often serve as 109

post-hoc rationalizations rather than faithful reflec- 110

tions of the underlying decision process (Turpin 111

et al., 2023; Lanham et al., 2023; Liu et al., 2025a). 112

Models frequently rely on latent shortcuts (Ar- 113

cuschin et al., 2025; Barez et al., 2025) or spu- 114

rious correlations not explicitly verbalized in their 115

reasoning steps (Fernando and Guitchounts, 2025; 116

Lin et al., 2025). Prior work (Li et al., 2025a) 117

broadly categorizes unfaithfulness into perceptual 118

unfaithfulness (hallucinating non-existent visual 119

elements) and behavioral unfaithfulness (misalign- 120

ment between reasoning traces and actual decision- 121

making). There are extensive efforts that have tar- 122

geted perceptual hallucinations (Liu et al., 2024a; 123

Zhang et al., 2025a; Bai et al., 2024). Differently, 124

Liu et al. (2025b) attributes behavioral faithfulness 125

to the reinforcement learning reward that only in- 126

centivizes the format of interleaved vision-text cues. 127

However, by coarsely attributing errors to general 128

visual infidelity, they conflate perception with rea- 129

soning in multimodal models and neglect the inter- 130

nal supervision of visual signal propagation. 131
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Figure 2: Construction pipeline of SPD-Faith Bench. The pipeline includes two key phases: data collection and
data generation. The benchmark contains paired images with either a single difference or multiple differences (2–5),
covering three modification types: color, object removal, and position change. Examples are grouped into easy,
medium, and hard splits based on instance-level complexity, enabling fine-grained evaluation of visual comparison
and multimodal reasoning.

2.2 MLLM Benchmarks132

In the landscape of MLLM evaluation, two spe-133

cific lines of research are particularly relevant to134

our study: image difference understanding and hal-135

lucination assessment. Specifically, in the area136

of image difference understanding, datasets such137

as CLEVR-Change (Park et al., 2019), Spot-the-138

Diff (Jhamtani and Berg-Kirkpatrick, 2018), and139

Birds-to-Words (Forbes et al., 2019) require models140

to describe changes between visually similar im-141

ages. However, they primarily rely on traditional142

metrics (Papineni et al., 2002; Lin, 2004; Banerjee143

and Lavie, 2005; Vedantam et al., 2015; Ander-144

son et al., 2016), without assessing explanation145

faithfulness. Parallelly, hallucination assessment146

benchmarks such as POPE (Li et al., 2023) and147

CHAIR (Rohrbach et al., 2018) probe object exis-148

tence and caption fidelity, while PSBattle (Black149

et al., 2024) and IEdit (Forbes et al., 2019) examine150

robustness against manipulations. More recently,151

FaithCoT-Bench (Shen et al., 2025) established a152

unified benchmark for instance-level CoT unfaith-153

fulness detection, but it focuses solely on unimodal154

text reasoning. Unlike these prior efforts, our SPD-155

Faith Bench unifies paired-image comparison with156

controlled fine-grained perturbations to explicitly157

diagnose the faithfulness of the multimodal reason-158

ing process against visual evidence.159

3 SPD-Faith Bench 160

3.1 Benchmark Construction 161

The proposed SPD-Faith Bench is a diagnostic 162

benchmark that acts as a visual polygraph to exam- 163

ine the faithfulness of MLLMs. By requiring joint 164

reasoning over paired images, it exposes percep- 165

tion–generation mismatches that are often obscured 166

by linguistic priors in single-image settings. 167

The construction of SPD-Faith Bench follows a 168

rigorous pipeline comprising two key phases: data 169

collection and data generation, as shown in Fig- 170

ure 2. Specifically, in data collection, we curate 171

diverse realistic images and annotate instance statis- 172

tics to control visual complexity. In data genera- 173

tion, we apply semi-automated atomic edits, cov- 174

ering color, object removal, and position change, 175

planned by GPT-4o (Hurst et al., 2024) and real- 176

ized via LaMa inpainting (Suvorov et al., 2021), 177

with human verification ensuring precise ground 178

truth. The final dataset is organized into single- 179

difference (easy/medium/hard) and multi-difference 180

(2–5 controlled changes) subsets, enabling system- 181

atic evaluation of visual faithfulness. Note that the 182

benchmark will be verified by humans to guaran- 183

tee its reliability. Due to the limited page of the 184

main paper, more details of the benchmark con- 185

struction (including used prompts and data statis- 186

tics) can be found in Appendix A. 187
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Figure 3: Our evaluation framework offers a comprehensive characterization of multimodal reasoning. It
measures global perception (DS, DQR), fine-grained detail sensitivity (TF1, CF1), and response faithfulness (CR,
DRF).

Ground Truth
1. The backpack on the grass is moved 
slightly to the left.
2. The car in the picture has changed 
color from red to blue.

Model output
1. The backpack on the grass is removed.
2. The car in the middle of the picture has
been moved slightly to the left.

Metric comparison

BLEU-4: 0.35
ROUGE-L: 0.52
CHAIR_s: 1.00

Ours: 0.00

Inappropriate!

Figure 4: Failure cases of traditional metrics in fine-
grained visual reasoning. The model produces fluent
language while generating factually incorrect descrip-
tions of the visual differences.

3.2 Evaluation Dimensions and Metrics188

As demonstrated in Figure 3, our evaluation as-189

sesses multimodal reasoning from three hierarchi-190

cal dimensions, quantified by six specific metrics.191

The mathematical expressions for these metrics are192

placed in Appendix B.2.193

Global Perception. This evaluates the model’s194

macroscopic ability to detect scene changes. We195

use Difference Sensitivity (DS) to measure the suc-196

cess rate of identifying the existence of any dif-197

ference, and Difference Quantity Recall (DQR) to198

assess the completeness of the predicted difference199

count against the ground truth.200

Faithful Perception. It verifies the microscopic201

precision of visual grounding, i.e., whether the202

model “sees” the correct objects and attributes.203

This is measured by Category-Level F1 (CF1),204

Table 2: Results of contradiction rate across different
MLLMs and task difficulties. The best result in each
case is shown in bold. The second-best result is shown
with an underline.

Model Easy Medium Hard

Proprietary Models

Gemini-2.5-Pro (Comanici et al., 2025) 16.5 21.9 27.2
GPT-4o (Hurst et al., 2024) 5.0 14.6 22.8
Claude-4.5-Haiku 16.5 30.1 37.5

Open-Source Models

GLM-4.5V (Team et al., 2025) 8.0 18.8 19.5
Qwen3-VL-235B-A22B (Yang et al., 2025) 10.5 15.2 17.0
Qwen3-VL-32B (Yang et al., 2025) 16.0 12.3 12.9
Qwen2.5-VL-72B (Bai et al., 2025) 19.0 13.2 11.4
Qwen2.5-VL-7B (Bai et al., 2025) 23.0 11.3 12.2
DeepSeek-VL2 (Wu et al., 2024) 39.5 38.0 32.5
InternVL2.5-38B (Chen et al., 2024b) 19.2 22.4 11.8
InternVL2.5-8B (Chen et al., 2024b) 32.5 29.7 12.5
MiniCPM-V-2.6 (Yao et al., 2024) 23.0 12.7 10.9

which evaluates the identification of the specific ob- 205

ject categories involved, and Type-Level F1 (TF1), 206

which assesses the classification accuracy of the 207

modification nature (e.g., color vs. removal). High 208

scores here indicate the model is attending to the 209

correct visual evidence. 210

Faithful Reasoning. This perspective measures 211

the logical integrity and honesty of the decision- 212

making process. We utilize the Contradiction Rate 213

(CR) to penalize logical conflicts between symmet- 214

ric binary queries (e.g., answering “Yes” to both 215

“Same?” and “Different?”). Crucially, we introduce 216

Difference Reasoning Faithfulness (DRF) to quan- 217

tify the semantic alignment between the generated 218

CoT and actual visual evidence, rigorously diag- 219

nosing whether the model’s reasoning is grounded 220

in truth or fabricated. 221
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Table 3: Comprehensive evaluation of MLLMs on SPD-Faith Bench. The evaluation dimensions include global
perception (DS, DQR), faithful perception (CF1, TF1), and faithful reasoning (CR, DRF). “P” and “R” denote
precision and recall. The best result is highlighted in yellow , and the second-best result is highlighted in gray .

Model DQR DS
Type Category

CR DRFColor Remove Position Overall

P R F1 P R F1 P R F1 P R F1 P R F1

Close-Source Models

Gemini-2.5-Pro 57.3 79.7 93.5 59.0 72.4 94.3 38.2 54.3 89.3 59.7 71.6 92.4 52.3 66.1 88.2 48.7 62.8 78.2 40.4
GPT-4o 62.2 82.0 88.6 55.2 68.0 94.4 32.1 48.0 67.8 59.1 63.2 83.6 48.8 59.7 74.3 44.4 55.6 74.8 39.3
Claude-4.5-Haiku 54.2 64.5 92.1 54.8 68.7 98.1 23.8 38.3 69.3 48.4 57.0 86.5 42.3 54.7 75.2 39.1 51.4 65.4 38.2

Open-Source Models

GLM-4.5V 67.0 92.5 90.4 66.5 76.7 95.4 50.4 66.1 91.8 50.8 65.4 92.5 55.9 69.4 88.9 57.2 69.6 87.7 58.3
Qwen3-VL-235B-A22B 62.8 90.1 95.3 47.1 63.1 95.4 35.5 51.8 56.4 72.7 63.5 82.4 51.8 59.5 81.2 48.8 60.9 82.3 44.8
Qwen3-VL-32B 60.8 67.2 91.3 61.2 73.3 98.7 33.5 50.0 70.2 53.0 60.4 86.7 49.2 61.2 85.4 49.8 62.3 64.6 37.6
Qwen2.5-VL-72B 61.6 44.4 93.3 47.5 63.0 97.0 32.9 49.2 56.2 59.2 57.7 82.2 46.5 56.6 75.1 44.1 55.5 56.8 31.7
Qwen2.5-VL-7B 65.0 42.8 93.3 33.2 48.9 95.2 34.6 50.7 46.2 68.9 55.3 78.2 45.6 51.6 50.1 31.0 38.3 38.2 29.5
DeepSeek-VL2 68.3 62.8 96.8 32.9 49.1 94.6 36.4 52.6 62.1 79.2 69.6 84.5 49.5 57.1 29.2 18.7 22.8 53.9 25.6
InternVL2.5-38B 62.8 65.7 97.5 51.4 67.3 93.3 31.2 46.8 52.8 69.2 59.9 81.2 50.6 58.0 74.8 45.6 56.7 59.6 35.8
InternVL2.5-8B 54.0 49.5 95.7 23.1 37.2 91.1 21.2 34.4 46.3 74.3 57.0 77.7 39.5 42.9 56.7 29.3 38.6 31.0 27.2
MiniCPM-V-2.6 49.6 31.2 86.7 20.2 32.8 90.2 29.4 44.3 30.9 64.8 41.8 69.3 38.1 39.6 37.4 20.1 26.1 32.3 23.4

Figure 5: Comprehensive evaluation of MLLMs
across three dimensions. Models are evaluated in
global perception (DS, DQR), faithful perception (TF1,
CF1), and faithful reasoning (CR, DRF).

3.3 Evaluating MLLMs on SPD-Faith Bench222

We evaluate 12 advanced MLLMs on our SPD-223

Faith Bench. Two key research questions are stud-224

ied: (RQ1) Does visual uncertainty amplify un-225

faithful reasoning? (RQ2) Can models maintain226

faithfulness when visual differences are salient?227

Visual Difficulty vs. Logical Consistency (RQ1).228

We analyze the Contradiction Rate (CR) on our229

constructed single-difference subset across three230

difficulty levels. As shown in Table 2, there is a231

distinct correlation between visual difficulty and232

unfaithfulness, particularly in proprietary models.233

As the difference area shrinks (Easy→Hard), con- 234

tradiction rates rise clearly. For example, the CR 235

of Claude-4.5 Haiku jumps from 16.5% to 37.5%. 236

Besides, the CR of GPT-4o increases from 5.0% to 237

22.8%. This trend suggests that when models strug- 238

gle to resolve fine-grained visual differences (i.e., 239

under heightened visual uncertainty), they tend to 240

fall back on linguistic priors or random guessing in- 241

stead of expressing uncertainty, which in turn leads 242

to pronounced self-contradictions. More results are 243

provided in Appendix C.1. 244

Reasoning on Multi-Difference Pairs (RQ2). 245

We evaluate reasoning on the multi-difference sub- 246

set, which focuses on the alignment between per- 247

ception and explanation. The results are provided 248

in Table 3. We find that: (1) Perception-Reasoning 249

Gap: While top models like GLM-4.5V achieve 250

high global perception (DS: 92.5%), their reason- 251

ing faithfulness (DRF: 58.3%) lags behind, indi- 252

cating that nearly 42% of reasoning steps are not 253

fully grounded. (2) The “Seeing but Lying” Phe- 254

nomenon: High detection scores (DS) coupled with 255

low faithfulness metrics (DRF/CR) demonstrate 256

that scaling visual perception alone is insufficient 257

to ensure faithful CoT reasoning, highlighting a 258

persistent misalignment between visual encoding 259

and textual generation. 260

4 Mechanistic Analysis of Unfaithfulness 261

To investigate the root causes of the unfaithfulness 262

observed, we conduct a multi-level analysis rang- 263

ing from attention visualization to internal residual 264
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Figure 6: Illustrations of two failure modes of unfaithfulness. (Left) Perceptual-Blindness Failure, where the
model ignores the visual region and guesses the answer. (Right) Perception-Reasoning Dissociation, where the
model attends to the correct region but generates conflicting explanations.

Layer 5 Layer 10

Layer 27Layer 20

Figure 7: Dynamics of attention allocation on
Qwen2.5-VL. Visual signals (red) undergo a two-stage
loss: initial suppression by system prompts (orange)
followed by progressive decay during reasoning. Addi-
tional visualizations for other models are provided in
Appendix D.2.

stream dynamics. Our findings reveal that unfaith-265

fulness stems from systematic failures in visual266

information routing and internal processing.267

4.1 Misalignment between Visual Attention268

and Textual Generation269

We first examine the alignment between the visual270

attention of the model and its textual generation by271

comparing the attention map with the token activa-272

tion map (TAM) (Li et al., 2025b). As illustrated in273

Figure 6, we identify two distinct failure modes.274

Perceptual-Blindness Failure. In this scenario,275

attention maps show negligible activation in the276

relevant difference regions, indicating a failure to277

capture the underlying visual signal and leading to278

logical contradictions induced by random guessing279

or linguistic priors.280

Perception-Reasoning Dissociation. Critically,281

even when attention maps correctly localize the282

target region, the generated text may describe an283

Figure 8: Mechanistic analysis of internal represen-
tation dynamics. (a) Layer-wise cosine similarity of
hidden states across paired responses to symmetric bi-
nary queries. (b) Input–output cosine similarity of the
MHA and FFN sublayers.

incorrect attribute. This reveals post-hoc rational- 284

ization, whereby the model constructs a plausible 285

explanation that overrides the conflicting visual 286

evidence it actually attends to. 287

4.2 Visual Attention Decay Drives Blindness 288

To explain the perceptual-blindness failure, we an- 289

alyze the dynamic distribution of attention weights 290

across token types (see Figure 7). Our analysis re- 291

veals a compounding visual deficit in which early- 292

layer suppression is further amplified by temporal 293

attention decay, ultimately severing the model’s 294

connection to visual evidence. 295

Initial Suppression. In shallow layers, the model 296

places excessive attention on system prompts, cre- 297

ating an information bottleneck that suppresses vi- 298

sual features before full processing. 299

Progressive Decay. This initial deficiency com- 300

pounds over the reasoning steps. Attention to vi- 301

sual tokens steadily decreases, indicating that weak 302
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visual signals are not retained.303

4.3 Residual Stream Representation Shifts304

We probe internal mechanisms by modeling resid-305

ual stream dynamics. Let xl be the input to layer306

l. The information flow through the multi-head at-307

tention (MHA), feed-forward network (FFN), and308

linear (LN) sublayers is formalized as:309

xl+1/2 = xl + MHA(LN(xl)), (1)310

xl+1 = xl+1/2 + FFN(LN(xl+1/2)). (2)311

Semantic Drift in Binary Responses. Here we312

quantify semantic drift using the cosine similarity:313

CosSim(u,v) := u · v/(∥u∥∥v∥). Specifically,314

we first measure the consistency between paired bi-315

nary responses by calculating CosSim(xsame
l ,xdiff

l ).316

As shown in Figure 8(a), unfaithful examples ex-317

hibit a significant similarity drop in deep layers318

compared to faithful ones. This confirms that logi-319

cal contradictions in the output stem from a funda-320

mental divergence in the deep representation space.321

Sublayer Contribution Analysis. As shown in322

Figure 8(b), we analyze input–output similarity at323

the sublayer level. MHA transitions (xl → xl+1/2)324

remain stable across groups, whereas FFN transi-325

tions (xl+1/2 → xl+1) show a sharp similarity re-326

duction for unfaithful cases. Consistent with prior327

findings (Geva et al., 2021, 2022), this indicates328

that FFN layers dominate representation transfor-329

mation and can steer latent states toward hallucina-330

tions when visual evidence is insufficient.331

5 Methodology332

5.1 Algorithm Pipeline333

We propose the SAGE framework to align CoT334

reasoning with visual perception, which is summa-335

rized in Figure 9. Overall, SAGE includes three336

stages: (1) Dynamic Visual Routing (See); (2) In-337

formation Flow Rectification (Analyze); (3) Visual-338

Anchored Generation (Generate). Below, we con-339

ceptually introduce SAGE step by step. Due to340

the limited space, the detailed algorithm flow and341

implementation are provided in Appendix E.342

Dynamic Visual Routing (See). We implement343

a dynamic attention modulation strategy that am-344

plifies attention weights assigned to visual tokens.345

For shallow layers (ℓ < ℓs), we directly modulate346

the attention distribution:347

A
(ℓ)
t = (1+α)·Avis

t +(1−α)·Asys
t +A

prompt
t , (3)348

where Avis
t , A

sys
t , and A

prompt
t denote attention 349

weights for visual tokens, system prompts, and user 350

prompts respectively, and α is a fixed enhancement 351

factor. We set α to 0.1 in this work. For deeper lay- 352

ers (ℓ ≥ ℓs), we adaptively adjust the enhancement 353

intensity based on attention decay: 354

α
(ℓ)
t = α0+f(δt), δt = (µt−µt−1)/µt−1, (4) 355

where µt =
1
|V|

∑
j∈V a

(ℓ)
t (j) is the mean attention 356

over visual tokens V at step t, and f(·) maps decay 357

severity to enhancement magnitude. 358

Information Flow Rectification (Think). We 359

regulate internal flow by monitoring the con- 360

sistency between visual routing and processing. 361

We quantify this by calculating the Kullback- 362

Leibler (KL) divergence between their residual up- 363

date vectors: 364

D
(ℓ)
KL = KL

(
softmax(∆(ℓ)

attn) ∥ softmax(∆(ℓ)
ffn )

)
,

(5) 365

where ∆
(ℓ)
attn and ∆

(ℓ)
ffn denote the updates from 366

MHA and FFN sub-layers, respectively. High diver- 367

gence signals that the FFN is overriding visual con- 368

text with parametric priors. To mitigate this, we dy- 369

namically suppress the FFN contribution via a coef- 370

ficient β ∈ [0, 1] (i.e., hℓ+1 ← hℓ+1/2 + β · FFN), 371

ensuring the reasoning remains visually grounded. 372

We set β = 0.9 in experiments. 373

Visual-Anchored Generation (Generate). In- 374

spired by image difference captioning, we employ 375

a multi-path contrastive decoding strategy to mit- 376

igate perception-reasoning dissociation. We con- 377

struct a binary mask M by occluding the intersec- 378

tion of the top-k salient regions from the visual 379

attention map (ΩA) and token activation map (ΩT ): 380

M(i,j) = I ((i, j) ∈ ΩA ∩ ΩT ) . (6) 381

We then contrast logits from the main path (Lmain, 382

original image) and auxiliary path (Laux, masked 383

image) to amplify tokens grounded in verified vi- 384

sual signals. The final logits are adjusted as: 385

Lfinal = Lmain + η · ReLU(Lmain − Laux), (7) 386

where η controls the enhancement strength, which 387

is set to 0.5 consistently. This forces generation to 388

align with visual attention, ensuring “what is said” 389

is strictly grounded in “what is seen”. 390
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Table 4: Quantitative comparison with state-of-the-art methods on the MME benchmark. We report perfor-
mance across perception-level tasks and commonsense reasoning. The best results within each model group are
highlighted in bold.

Model Method Existence Count Position Color Posters Celebrity Scene Landmark Artwork OCR
Perception Commonsense

Total Reasoning

LLaVA-1.5-7B

Regular 175.67 124.67 114.00 151.00 127.82 113.59 148.30 129.95 102.20 92.00 1279.20 107.86
OPERA (Huang et al., 2024) 180.67 133.33 123.33 155.00 134.69 116.76 152.75 133.01 103.25 100.00 1332.79 115.71
VCD (Leng et al., 2024) 184.66 138.33 128.67 153.00 132.11 120.94 152.20 140.45 109.60 104.00 1363.96 112.86
ICD (Wang et al., 2024c) 185.00 148.33 123.33 138.33 121.43 111.47 145.75 124.12 103.25 112.50 1313.48 117.14
AGLA (An et al., 2025) 195.00 153.89 129.44 161.67 137.07 126.96 156.25 160.13 114.50 132.50 1467.41 115.00

SAGE (Ours) 195.00 161.67 138.33 170.00 145.24 136.18 159.75 161.50 118.00 135.00 1520.67 122.86

Qwen2-VL-7B

Regular 185.00 150.00 153.33 170.00 179.93 143.82 159.75 174.25 142.33 140.00 1598.41 144.29
OPERA (Huang et al., 2024) 185.00 150.00 145.75 175.00 181.29 144.12 161.25 178.75 151.25 145.00 1617.41 151.42
VCD (Leng et al., 2024) 185.00 153.33 155.00 175.00 180.61 145.89 158.75 181.50 155.00 147.50 1637.58 148.57
ICD (Wang et al., 2024c) 185.00 151.67 153.33 170.00 178.57 142.94 156.25 179.75 153.75 140.00 1611.26 152.86
AGLA (An et al., 2025) 195.00 155.00 156.25 175.00 182.31 147.65 161.67 175.00 153.75 147.50 1649.13 146.43

SAGE (Ours) 200.00 160.00 161.67 185.00 186.73 149.41 164.75 183.25 157.00 155.00 1702.81 157.14
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Figure 9: Overview of the proposed See-Analyze-
Generate Engine (SAGE) framework.

5.2 Empirical Validation of SAGE391

We evaluate our SAGE across three benchmarks to392

assess its effectiveness. First, regarding perceptual393

faithfulness, as demonstrated in Table 4 and Table394

5, SAGE consistently outperforms baselines on the395

MME and CHAIR datasets, respectively. These re-396

sults indicate that our framework can reduce visual397

perception errors and object-level hallucinations.398

Crucially, we further probe behavioral faithfulness399

using the proposed SPD-Faith Bench. As shown in400

Table 6, SAGE achieves remarkable gains in both401

CR and DRF, which confirms the superiority of402

our SAGE. Note that due to the limited page, we403

provide more examples of faithfulness mechanism404

analysis and case studies in Appendices C and D.405

6 Conclusion406

In this paper, we study the faithfulness of multi-407

modal chain of thought reasoning and introduce408

SPD-Faith Bench, a diagnostic benchmark that iso-409

lates visual evidence from linguistic priors through410

fine-grained image difference reasoning. Using411

Table 5: Quantitative comparison on hallucination
evaluation. Here CS and CI denote CHAIR met-
rics (Rohrbach et al., 2018). The best result in each
case is highlighted in bold.

Model Method CS ↓ CI ↓ Recall ↑

LLaVA-1.5-7B

Original 51.0 15.2 75.2
ICD 56.2 16.3 16.3
VCD 51.0 14.9 77.2
OPERA 47.0 14.6 78.5
AGLA 43.0 14.1 78.9

SAGE (Ours) 42.3 12.7 81.8

Table 6: Quantitative comparison on hallucination
evaluation using Qwen2.5-VL-7B. We report Consis-
tency Ratio (CR) and Difference Reasoning Faithfulness
(DRF). The performance gaps relative to the Greedy
baseline are marked in green (↑) for improvement and
red (↓) for degradation. The best result in each case is
highlighted in bold.

Method CR ↑ DRF ↑

Greedy 38.2 29.5

VCD (Leng et al., 2024) 39.4 (↑1.2) 31.2 (↑1.7)

SC (Wang et al., 2022) 38.7 (↑0.5) 29.8 (↑0.3)

SR (Madaan et al., 2023) 37.5 (↓0.7) 27.7 (↓1.8)

API (Yu et al., 2024) 36.6 (↓1.6) 28.2 (↓1.3)

Zoom-Refine (Yu et al., 2025) 39.7 (↑1.5) 31.5 (↑2.0)

SAGE (Ours) 43.8 (↑5.6) 33.7 (↑4.2)

this benchmark, we identify two common fail- 412

ure modes, perceptual blindness and perception- 413

reasoning dissociation, and trace their origins. To 414

address these issues, we propose SAGE, a visual 415

evidence calibrated framework that improves visual 416

routing and aligns reasoning with perception. Our 417

results and analyses indicate that improving faith- 418

fulness requires explicit consideration of internal 419

reasoning dynamics rather than response correct- 420

ness alone. 421
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Limitations422

We identify two limitations of our current study.423

First, our evaluation is restricted to image differ-424

ence captioning. While this task is particularly425

well-suited for diagnosing and isolating language426

priors, it does not fully capture the diversity of427

multimodal reasoning behaviors. Future work will428

therefore extend our framework to broader mul-429

timodal reasoning tasks, e.g., visual question an-430

swering and multimodal decision-making. Second,431

SAGE is designed as a training-free intervention.432

Although this design choice avoids costly retrain-433

ing and ensures modular applicability, it necessi-434

tates architectural adaptation at inference time. In435

contrast, training-based alignment methods, such436

as FRIT (Swaroop et al., 2025), have shown ef-437

fectiveness in unimodal settings. However, scal-438

ing such methods to large multimodal models re-439

mains computationally demanding, often requir-440

ing ∼16×NVIDIA TESLA A100-80G GPUs for441

a 13B-scale model. As a result, an important di-442

rection for future work is to investigate parameter-443

efficient training strategies that can achieve intrin-444

sic faithfulness while maintaining practical compu-445

tational costs.446
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A Benchmark Construction Details792

A.1 Semi-Automated Generation Pipeline793

To construct high-quality image pairs with precise794

ground-truth differences, we develop a human-in-795

the-loop semi-automated pipeline. The process796

consists of data collection, data generation, and797

human verification.798

Data Collection via Instance-Based Filtering.799

Instead of random sampling, we curated source800

images from open-domain datasets with a strict fo-801

cus on scene complexity. We manually filtered im-802

ages based on instance information density, specifi-803

cally the number of distinct object categories and804

bounding boxes. Images were pre-categorized into805

sparse, moderate, and dense groups. This manual806

pre-selection ensures that our benchmark covers807

a wide spectrum of visual difficulties, laying the808

foundation for the easy, medium, and hard splits in809

the final dataset.810

LLM-Guided Generation with Strict Isolation.811

We employ a collaborative framework where an812

MLLM acts as the planner and a specialized vision813

model acts as the executor. First, we feed the ob-814

ject layout and semantic labels to Gemini-2.5-Pro.815

Figures 23 to 26 show some detailed prompts for816

decision modifying. Acting as a semantic planner,817

the LLM selects the most suitable target objects818

for modification and determines the modification819

type (color, removal, or position) based on scene820

context plausibility. For structural changes, we821

utilize the LaMa inpainting model to fill the back-822

ground voids. A critical constraint in our pipeline823

is to ensure that only the target object is modified824

while the rest of the image remains pixel-perfectly825

unchanged. LaMa’s high-fidelity inpainting capa-826

bility allows us to seamlessly erase objects without827

introducing artifacts or distorting surrounding enti-828

ties, thereby preventing unintended alterations to829

the global context.830

Human Annotation and Verification. To guar-831

antee the reliability of the benchmark, we rely on832

expert human annotators for the final step rather833

than automated captioning. Annotators inspect ev-834

ery generated pair to reject samples with visual arti-835

facts, unnatural lighting, or logical inconsistencies836

produced by the inpainting model. For valid pairs,837

annotators provide standardized difference descrip-838

tions and detailed global captions. This human-839

curated ground truth serves as the gold standard840

for our faithful perception and faithful reasoning 841

evaluations. 842

A.2 Data Statistics & Overview 843

Our SPD-Faith Bench is constructed based on 844

the high-quality images from the COCO 2017 845

dataset (Lin et al., 2014), ensuring a diverse cov- 846

erage of real-world scenes. The benchmark com- 847

prises a total of 3,000 image pairs, which are rig- 848

orously stratified into two main subsets to probe 849

different aspects of multimodal reasoning: the 850

single-difference subset (2,000 pairs) and the multi- 851

difference subset (1,000 pairs). 852

Single-Difference Distribution. To evaluate fine- 853

grained perception under varying complexity, we 854

categorize the 2,000 single-difference pairs into 855

three difficulty levels: easy (10%), medium (50%), 856

and hard (40%). This classification is based on the 857

instance information density (number of objects) 858

and the relative area of the difference region. 859

• Instance Count Distribution. As illustrated 860

in the inner ring of Figure 10(a), the instance 861

count per image ranges from sparse scenes (0- 862

6 objects for “easy”) to dense scenes (17-38 863

objects for “hard”). The color gradient visual- 864

izes the frequency density, showing a balanced 865

distribution across the difficulty spectrum. 866

• Modification Types. Figure 10(b) details 867

the distribution of atomic modification types 868

(color, remove, or position) within each dif- 869

ficulty level. We ensure a diverse mix of 870

types across all levels (e.g., color accounts 871

for ∼40% in medium and hard splits) to pre- 872

vent the model from overfitting to specific 873

difference patterns. 874

Multi-Difference Distribution. The multi- 875

difference subset is designed to test compositional 876

reasoning and attention span. As shown in 877

Figure 10(c), we manually control the number 878

of differences per image pair, ranging from 2 879

to 5. The outer ring represents the proportion 880

of pairs with a specific difference count (e.g., 881

2 differences: 18.7%; 3 differences: 27.5%), 882

while the inner ring breaks down the composition 883

of modification types within each group. This 884

hierarchical structure ensures that the benchmark 885

challenges the model not only to detect what 886

changed but also to exhaustively enumerate how 887

many changes occurred without omission. 888
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Figure 10: Detailed statistics of SPD-Faith Bench. (a) Distribution of instance counts (the inner ring) across easy,
medium, and hard difficulty levels (the outer ring) in the single-difference subset. (b) Breakdown of modification
types (color, remove, and position) within each difficulty level. (c) Composition of the multi-difference subset,
showing the distribution of difference counts (2-5) and their internal modification types.

A.3 Unfaithful Cases889

To qualitatively demonstrate the severity of the890

problem, we present representative failure cases891

on our benchmark. As illustrated from Figure 35 to892

Figure 38, these failures typically manifest in two893

forms:894

• Logical Self-Contradiction: The model an-895

swers “Yes” to both “Are they the same?”896

and “Are they different?”, revealing that its897

decision-making is driven by the prompt’s po-898

larity rather than visual comparison.899

• Reasoning Fabrication: The model correctly900

detects a difference but hallucinates the wrong901

reason (e.g., describing a color change as a902

position shift), proving that the generated CoT903

is not grounded in the actual visual evidence.904

B Supplementary Experimental Setups905

B.1 Details of Used MLLMs906

We conduct a comprehensive evaluation across a di-907

verse set of 12 state-of-the-art MLLMs, encompass-908

ing both proprietary and open-source architectures909

to ensure a rigorous assessment of faithfulness. The910

proprietary models include the widely discussed911

GPT-4o (Hurst et al., 2024), Gemini-2.5-Pro (Co-912

manici et al., 2025), and Claude-4.5-Haiku, which913

represent the current pinnacle of commercial multi-914

modal reasoning. For open-source models, we care-915

fully select representative models that cover a range916

of parameter scales and structural designs. This in- 917

cludes the Qwen-VL series (Bai et al., 2025; Yang 918

et al., 2025; Wang et al., 2024b), ranging from the 919

efficient Qwen2.5-VL-7B to the massive Qwen3- 920

VL-235B-A22B; the InternVL2.5 family (Chen 921

et al., 2024b) (7B and 38B) known for strong visual 922

encoding, as well as GLM-4.5V (Team et al., 2025), 923

DeepSeek-VL2 (Wu et al., 2024), and the resource- 924

efficient MiniCPM-V-2.6 (Yao et al., 2024). These 925

models were chosen for their superior performance 926

on general multimodal benchmarks and their vary- 927

ing capabilities in fine-grained perception. Detailed 928

specifications of these models, including their LLM 929

backbones and vision encoders, are listed in Ta- 930

ble 7. 931

B.2 Metric Calculation 932

To comprehensively evaluate model performance 933

on the SPD-Faith Bench, we design a hierarchi- 934

cal evaluation framework with three complemen- 935

tary dimensions and six metrics. This framework 936

progressively assesses models from Global Percep- 937

tion (whether models detect differences at all) to 938

Faithful Perception (whether detected differences 939

match ground truth) to Faithful Reasoning (whether 940

reasoning processes are logically consistent and 941

grounded). 942

B.2.1 Global Perception Metrics 943

Global perception measures a model’s fundamental 944

ability to recognize that differences exist between 945
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Models LLM Backbone Vision Encoder

Close-Source Models
GPT-4o (Hurst et al., 2024) gpt-4o -
Gemini-2.5-Pro (Comanici et al., 2025) gemini-2.5-pro -
Claude-4.5-Haiku claude-4.5-haiku -

Open-Source Models
GLM-4.5V (Team et al., 2025) GLM-4-Plus EVA-CLIP-E
Qwen3-VL-235B-A22B (Yang et al., 2025) Qwen-3-235B ViT-based Vision Encoder
Qwen3-VL-32B (Yang et al., 2025) Qwen-3-32B ViT-based Vision Encoder
Qwen2.5-VL-72B (Bai et al., 2025) Qwen2.5-72B Qwen2-Vision
Qwen2.5-VL-7B (Bai et al., 2025) Qwen2.5-7B Qwen2-Vision
DeepSeek-VL2 (Wu et al., 2024) DeepSeek-V2-MoE SigLIP-L-384
InternVL2.5-38B (Chen et al., 2024b) Qwen2.5-32B InternViT-6B
InternVL2.5-7B (Chen et al., 2024b) Qwen2.5-7B InternViT-6B
MiniCPM-V-2.6 (Yao et al., 2024) Qwen2-7B SigLIP-400M

Table 7: The versions of LLM backbone and vision encoder of our evaluated models. For proprietary models, we
provide the API version we used.

image pairs, without requiring precise identifica-946

tion of modification types or categories.947

Difference Quantity Recall (DQR). Given948

ground truth with m differences and a model re-949

sponse claiming n differences, DQR measures950

whether the model detects the correct total count:951

DQR =

{
1 if n = m,

0 otherwise.
(8)952

This binary metric evaluates the most basic percep-953

tual capability: numerosity perception. A score of954

1 indicates that the model correctly perceives the955

overall quantity of changes, while a score of 0 sug-956

gests systematic under-detection or over-detection.957

Difference Sensitivity (DS). Beyond exact quan-958

tity matching, DS measures how close the predicted959

count is to ground truth using a tolerance-based960

metric:961

DS = max

(
0, 1− |n−m|

m

)
. (9)962

DS provides a more nuanced assessment than DQR,963

rewarding partial success. For instance, if ground964

truth contains 3 differences but the model reports965

2, DS = 1− 1/3 ≈ 0.67, indicating moderate sen-966

sitivity rather than complete failure.967

B.2.2 Faithful Perception Metrics968

Faithful perception evaluates whether a model’s dif-969

ference descriptions align with ground truth at both970

the modification type level (color/remove/position)971

and the object category level (chair/person/car).972

Type-Level F1 (TF1). Let T = 973

{color, remove, position} denote the set of 974

modification types. For each sample, let Pt and 975

Gt represent the predicted and ground truth sets of 976

type-t modifications. We compute micro-averaged 977

F1 across all types: 978

TF1 =
2 ·

∑
t∈T |Pt ∩ Gt|∑

t∈T (|Pt|+ |Gt|)
. (10) 979

TF1 assesses whether the model correctly identifies 980

what kind of changes occurred (e.g., color change 981

vs. object removal), independent of which specific 982

objects were affected. Micro-averaging ensures 983

that frequent types (e.g., color changes) contribute 984

proportionally more to the score. 985

Category-Level F1 (CF1). Let C denote the set 986

of COCO object categories (80 classes). For each 987

category c ∈ C, we track whether it was correctly 988

identified as modified: 989

CF1 =
2 ·

∑
c∈C |Pc ∩ Gc|∑

c∈C(|Pc|+ |Gc|)
, (11) 990

where Pc and Gc are the predicted and ground truth 991

sets of modifications involving category c. 992

CF1 measures fine-grained object recognition 993

accuracy. A model may correctly detect that “an 994

object changed color” (high TF1) but fail to rec- 995

ognize it was a “chair” rather than a “table” (low 996

CF1). This metric captures whether models ground 997

their perceptions in correct visual entities. 998

B.2.3 Faithful Reasoning Metrics 999

Faithful reasoning assesses whether a model’s in- 1000

ternal reasoning process is logically coherent and 1001
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semantically grounded in visual evidence, going1002

beyond surface-level output correctness.1003

Consistency Ratio (CR). To evaluate logical1004

consistency, we pose semantically equivalent but1005

syntactically distinct questions: Qsame = “Are the1006

two pictures the same?” and Qdiff = “Are the two1007

pictures different?” For a given sample, let Ds and1008

Dd denote the sets of specific difference descrip-1009

tions extracted from responses to Qsame and Qdiff,1010

respectively (excluding overall yes/no judgments).1011

We employ GPT-4o as an intelligent judge to1012

perform pairwise semantic comparison. For each1013

claim pair (dsi , d
d
j ), the judge assigns one of three1014

labels: consistent (if both describe the same differ-1015

ence), contradictory (if they conflict on the same1016

aspect), or ambiguous (if uncertain or vague).1017

The consistency ratio is then computed with1018

weighted scoring:1019

CR =

∑
i,j w(label(dsi , d

d
j ))

|Ds|+ |Dd|
, (12)1020

where the weight function w(·) assigns:1021

w(ℓ) =


+1.0 if ℓ = consistent
−1.0 if ℓ = contradictory
+0.5 if ℓ = ambiguous.

(13)1022

CR quantifies whether a model maintains stable1023

reasoning across different question formulations.1024

A high CR indicates robust internal representations,1025

while a low CR suggests the model’s reasoning is1026

brittle and question-dependent.1027

Difference Reasoning Faithfulness (DRF).1028

DRF evaluates whether a model’s CoT reasoning1029

is semantically grounded in ground truth, using1030

GPT-4o as an LLM-as-a-Judge evaluator. Unlike1031

traditional CoT evaluation, where prompts provide1032

no prior information, our setting introduces a1033

self-consistency challenge: we first ask the model1034

to report the total number of differences (Global1035

Perception phase), then prompt it to describe these1036

differences using the model’s own predicted count.1037

For instance, if the model claims “two differences”1038

in the first phase, we follow up with: “There are1039

two differences in the picture. Can you find them?”1040

This design tests whether the model exhibits un-1041

faithful shortcut reasoning, generating descriptions1042

that superficially match its earlier count but lack1043

genuine visual grounding. A model might fabricate1044

plausible-sounding differences to justify its initial1045

claim rather than faithfully analyzing the images.1046

Given a model response R containing 1047

claims {c1, c2, . . . , cn} (where n is the 1048

model’s self-reported count) and ground truth 1049

G = {g1, g2, . . . , gm}, we perform: 1050

Phase 1: Global Content Matching. For each 1051

claim ci, GPT-4o determines its semantic corre- 1052

spondence with any ground truth item gj ∈ G, re- 1053

gardless of positional order. The matching function 1054

ϕ : C × G → {0, 1} is defined as: 1055

ϕ(ci, gj) =

{
1 if semantic_match(ci, gj) = True
0 otherwise

(14) 1056

where semantic_match(·) jointly considers visual 1057

evidence from image pairs and textual descriptions. 1058

Phase 2: Error Categorization. Unmatched 1059

claims are categorized into: Type-Category Mis- 1060

match (e.g., “person removed” vs. GT “dog re- 1061

moved”), Type Confusion (e.g., “color change” 1062

vs. “removal”), Attribute Error (e.g., “turned blue” 1063

vs. GT “turned yellow”), Quantity Error (when 1064

n ̸= m), and Fabrication (inventing non-existent 1065

differences to fill the self-reported count). 1066

The DRF score is computed as: 1067

DRF =
1

|C|

|C|∑
i=1

|G|
max
j=1

ϕ(ci, gj). (15) 1068

DRF measures the proportion of reasoning steps 1069

that are factually correct. A low DRF despite high 1070

DQR (correct count) indicates the model is engag- 1071

ing in post-hoc rationalization, generating seem- 1072

ingly coherent but unfaithful descriptions to justify 1073

its initial numerical claim. This metric is critical 1074

for detecting subtle reasoning failures that may not 1075

affect structured outputs but reveal fundamental 1076

brittleness in the model’s visual understanding pro- 1077

cess. 1078

B.3 Evaluation Details 1079

Figure 33 shows the prompt used to calculate the 1080

Consistency Ratio. Figures 39 to 42 provide the 1081

examples of metrics evaluations for better under- 1082

standing of readers. 1083

C Behavioral Diagnostics & Perturbation 1084

Analysis 1085

C.1 The Fragility of Large Models under 1086

Visual Uncertainty 1087

We analyze the performance trends on the Single- 1088

Difference subset across Easy, Medium, and Hard 1089
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Figure 11: Detailed visualization of logical consis-
tency metrics across easy, medium, and hard diffi-
culty levels on our SPD-Faith Bench single-diff sub-
set. They display the Yes Ratio for “Same” (Blue), Yes
Ratio for “Different” (Orange), and Contradiction Rate
(Red) for 12 MLLMs. The vertical dashed line sepa-
rates proprietary models (left) from open-source models
(right).

levels. Figure 11 reveals a counter-intuitive di-1090

vergence in behavioral patterns between smaller1091

open-source models and larger proprietary models1092

as visual uncertainty increases.1093

Observation 1: Perceptual Bottleneck in1094

Smaller Models. For smaller models, we ob-1095

serve a steady increase in the Yes Ratio for the1096

“Are they same?” query as the task difficulty rises.1097

For instance, the Yes Ratio of Qwen2.5-VL-7B in-1098

creases from 76.0% (Easy) to 90.1% (Hard), and1099

InternVL2.5-8B rises from 86.5% to 98.4%. Figure1100

11 shows that these models are primarily limited by1101

their perceptual capacity. As differences become1102

subtler, they fail to detect them and default to judg-1103

ing the images as identical. However, their Con-1104

tradiction Rate (CR) remains relatively stable or1105

even decreases (e.g., Qwen2.5-VL-7B drops from1106

23.0% to 12.2%). This suggests that while smaller1107

models suffer from blindness, they remain logi-1108

cally consistent in their ignorance and do not tend1109

to hallucinate differences when asked the opposite1110

Figure 12: Impact of visual information loss on model
performance. The line charts illustrate the accuracy
of five MLLMs on MMBench (Liu et al., 2024b), MM-
Star (Chen et al., 2024a), MathVista (Lu et al., 2023),
and MathVision (Wang et al., 2024a) under varying de-
grees of image occlusion (Coverage Rate).

question. 1111

Observation 2: Bias Vulnerability in Large Mod- 1112

els. In stark contrast, large proprietary models 1113

exhibit pathological behavior under visual uncer- 1114

tainty. While their perception is generally stronger, 1115

their Contradiction Rate skyrockets in the Hard sub- 1116

set. As shown in Table 2, Claude-3.5-Haiku’s CR 1117

more than doubles, jumping from 16.5% in Easy 1118

to 37.5% in Hard. Similarly, GPT-4o sees a sharp 1119

increase from 5.0% to 22.8%, and Gemini-1.5-Pro 1120

rises from 16.5% to 27.2%. This reveals a criti- 1121

cal vulnerability. When large models encounter 1122

visual signals that are too weak to confirm, they 1123

become highly susceptible to question bias. Driven 1124

by strong instruction-following priors, they attempt 1125

to validate the user’s premise, by answering “Yes” 1126

to both symmetric queries. This indicates that su- 1127

perior reasoning capabilities do not guarantee faith- 1128

fulness; instead, they may amplify behavioral un- 1129

faithfulness when visual grounding is lost. 1130

C.2 Sensitivity Disparity: Text vs. Image 1131

Perturbation 1132

To rigorously quantify the dominance of linguis- 1133

tic priors over visual evidence, we conduct a con- 1134

trolled perturbation study. We aim to measure the 1135

causal influence of textual cues versus visual sig- 1136

nals on the model’s decision-making. 1137

Experimental Settings. We design two counter- 1138

factual settings to decouple visual and linguistic 1139

modalities: 1140
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Table 8: Performance comparison under textual perturbation across four benchmarks. The table reports the
Zero-Shot Accuracy followed by the absolute improvement (+Gain) achieved with Explicit or Implicit hints. The
results highlight the varying degrees of sensitivity to textual cues across different model architectures.

Model
MMBench MMStar MathVista MathVision

Explicit Hint Implicit Hint Explicit Hint Implicit Hint Explicit Hint Implicit Hint Explicit Hint Implicit Hint

Gemini-2.5-Flash 96.5 (+1.5↑) 97.0 (+2.0↑) 78.7 (+13.7↑) 82.3 (+17.3↑) 79.3 (+11.7↑) 75.7 (+8.1↑) 72.8 (+29.5↑) 81.2 (+37.9↑)

GPT-4o 97.0 (+11.5↑) 94.5 (+9.0↑) 82.8 (+19.1↑) 86.2 (+22.5↑) 75.5 (+11.7↑) 74.1 (+10.3↑) 69.9 (+36.4↑) 83.2 (+49.7↑)

Qwen2-VL-7B 84.7 (+4.1↑) 87.4 (+6.8↑) 75.5 (+20.1↑) 76.2 (+20.8↑) 65.5 (+15.0↑) 67.1 (+16.6↑) 50.6 (+32.3↑) 49.9 (+31.6↑)

InternVL2.5-8B 85.8 (+7.0↑) 83.8 (+5.1↑) 75.3 (+12.5↑) 69.0 (+6.2↑) 73.8 (+9.4↑) 71.5 (+7.1↑) 51.1 (+29.1↑) 45.7 (+23.7↑)

LLaVA-1.5-7B 92.4 (+17.0↑) 77.5 (+3.2↑) 55.6 (+13.5↑) 45.7 (+3.6↑) 55.0 (+28.7↑) 41.8 (+15.5↑) 45.5 (+28.4↑) 30.5 (+23.7↑)

• Text Perturbation. We introduce textual1141

cues to trigger the model’s pattern completion1142

mechanism. For Explicit Hint, we append a1143

direct prompt suffix (e.g., “The answer is”) to1144

the user query. For Implicit Hint, we reformat1145

the input using structured metadata tags with-1146

out adding new semantic information. This1147

exploits the LLM’s pre-training on structured1148

data, hypothesizing that strong LLMs will be1149

biased to “complete the code” using paramet-1150

ric probabilities.1151

• Image Perturbation. We progressively de-1152

grade the visual input by applying random1153

block masking at varying ratios (25%, 50%,1154

75%, and 100%), effectively removing the vi-1155

sual evidence to test the model’s dependency1156

on actual pixels.1157

Results. Table 8 and Figure 12 reveal a strik-1158

ing disparity in sensitivity. As shown in Table 8,1159

models exhibit significant performance gains un-1160

der both Explicit and Implicit hints. Notably, large1161

proprietary models (e.g., GPT-4o) benefit dispro-1162

portionately from Implicit Hints. This confirms1163

that these models are highly sensitive to structural1164

priming: the mere presence of an <answer> tag1165

triggers a strong linguistic completion bias, often1166

overriding the need for visual verification. When1167

the visual evidence is heavily occluded (even up1168

to 75%), the models’ accuracy drops marginally.1169

This “flat” performance curve indicates that the1170

models often do not rely on specific visual features1171

to answer the question, but rather on correlations1172

embedded in the textual question and formatting1173

cues.1174

This disparity confirms that in many multimodal1175

tasks, the decision boundary is primarily dictated1176

by linguistic priors and structural formatting rather1177

than visual evidence. The unfaithfulness arises be- 1178

cause models optimize for satisfying the textual 1179

pattern (e.g., closing the XML tag) rather than 1180

grounding the answer in the image. 1181

C.3 Case Studies of Behavioral Unfaithfulness 1182

Figure 13 shows the examples of hint-driven un- 1183

faithfulness. When provided with a target answer 1184

(Hint), the model hallucinates visual values and per- 1185

forms erroneous arithmetic to forcefully align its 1186

reasoning path with the given result. This demon- 1187

strates that the generated CoT acts as a post-hoc 1188

rationalization, prioritizing compliance with the 1189

prompt over actual visual evidence and logical con- 1190

sistency. 1191

D Mechanistic Analysis & Visualization 1192

D.1 Case Studies of “Seeing ̸= Saying” 1193

Token Activation Map (TAM) (Li et al., 2025b) 1194

is a post-hoc explainable method that visualizes 1195

the direct contribution of visual tokens to the gen- 1196

eration of specific textual tokens. Unlike atten- 1197

tion mechanisms, which represent routing weights, 1198

TAM leverages the Logit Lens principle to quantify 1199

how strongly the visual representations support the 1200

predicted token in the vocabulary space. 1201

Input Representation. Let the input sequence 1202

X consisting of L tokens be composed of system 1203

instructions, visual tokens, and user queries: 1204

X = [xsys,ximg,xtxt], (16) 1205

where ximg = {v1, v2, . . . , vN} represents the se- 1206

quence of N visual tokens encoded by the vision 1207

encoder. 1208

Logit Projection and Activation. For a Vision- 1209

Language Model M, let H ∈ RL×D denote the 1210

hidden states of the last transformer layer, where 1211
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In order to determine the difference between the highest and the lowest values 
represented by the blue bars in the chart, I need to identify these specific points on 
the graph visually or then subtract the lower from the higher value.

Identify the highest point for the blue bars: This appears around 70%.
Identify the lowest point for the blue bars: This appears around 2%.
Difference calculation:
70% - 2% = 64%
Therefore, the difference between the highest and the lowest value of the blue bar 
is approximately 64%. 

What is the difference between the highest and the lowest value of blue bar?
Hint: The answer is 64% 

As follows, in a 5×4 grid, the side length of each small square is 1. The vertices 
of Δ𝐴𝐵𝐶	are on the vertices of these small squares. Then the value of tan∠𝐵𝐴𝐶 is ( )
Hint: The answer is 4/3

First, we need to determine the angles in triangle ABO. According to the problem 
description and graphical information: Angle A is a right angle. Angle B can be found 
by calculating the included angle between the diagonal line BC and the horizontal 
direction. We can use the Pythagorean theorem to find the length of BC: 

𝐵𝐶! + 𝐴𝐵! = 𝐴𝐶!, where 𝐴𝐵 = 3, 𝐴𝐶 = 5 (because they are the diagonals of two 
adjacent small squares respectively), therefore: 𝐵𝐶! = 𝐴𝐶! − 𝐴𝐵! = 4 

Now we have all the necessary information to solve for tan angle B:  4/3

Figure 13: Examples of implicit post-hoc rationalization. When provided with a target answer (Hint), the model
hallucinates visual evidence and performs erroneous reasoning to forcibly align with the given result, prioritizing
the answer over visual truth and logical consistency.

D is the hidden dimension. The model predicts the1212

next token yt at generation step t via a linear pro-1213

jection head (LM Head) Whead ∈ RD×|V|, where1214

|V| is the vocabulary size. The unnormalized logit1215

matrix Z ∈ RL×|V| over the entire input sequence1216

is computed as:1217

Z = H ·Whead (17)1218

Here, an element zi,k represents the logit score of1219

vocabulary token k predicted solely based on the1220

contextualized information at position i.1221

Visual Activation Extraction. According to the1222

implementation, to interpret the generation of a1223

specific target token yt (e.g., "red"), we extract1224

the slice of logits corresponding to the index of yt1225

across the visual token positions. We define the1226

Token Activation Map A(yt) ∈ RN as:1227

A(yt) = [zj,yt ]
vend
j=vstart

= [h⊤
j ·wyt ]

vend
j=vstart

(18)1228

where vstart and vend denote the start and end in-1229

dices of the image tokens, hj is the hidden state1230

at image position j, and wyt is the column vector1231

in Whead corresponding to token yt. Finally, A(yt)1232

is reshaped from the flattened sequence RN into1233

the 2D spatial grid RH×W (where H ×W = N )1234

and upsampled to overlay the original image. This 1235

heatmap explicitly reveals which visual patches 1236

maximize the probability of generating the token 1237

yt. 1238

We select TAM over traditional attention-based 1239

methods for the following principled reasons: 1240

• Attention weights merely indicate information 1241

routing (
∑

α = 1), which can be diffuse and 1242

non-causal. In contrast, TAM measures the 1243

direct projection of visual features onto the 1244

vocabulary space. 1245

• TAM enables token-level granularity. For a 1246

hallucinated sentence like “The red car is mov- 1247

ing,” we can specifically compute A(“red”) 1248

and A(“car”). This allows us to disentangle: 1249

(1) Attribute Hallucination: If A(“red”) fo- 1250

cuses on a blue region, the model is perceptu- 1251

ally misaligned. (2) Object Hallucination: If 1252

A(“car”) has low activation everywhere, the 1253

model is generating text based on linguistic 1254

priors rather than visual evidence. 1255

• The extraction of TAM requires only the for- 1256

ward pass logits and the LM Head weights, 1257

involving no gradient backpropagation or aux- 1258

iliary training. This efficiency allows us to 1259
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scale the analysis across large closed-source-1260

style architectures (like Qwen2-VL), where1261

internal attention maps might be complex to1262

interpret due to multi-head dynamics.1263

• Our central hypothesis posits a disconnect be-1264

tween perception and generation. TAM serves1265

as the bridge: it visualizes exactly what the1266

language head "sees" in the image embed-1267

dings when it decides to "say" a word. Dis-1268

crepancies between the TAM hotspots (where1269

the model claims to look) and the actual object1270

location serve as definitive proof of unfaithful1271

reasoning.1272

Qualitative Results of Unfaithfulness Patterns.1273

We utilize the defined visualizations to diagnose1274

specific failure modes in CoT reasoning. Fig-1275

ure 14 contrasts standard Attention Maps with1276

TAMs. For faithful descriptions (e.g., “cake”), both1277

maps exhibit high overlap, confirming causal vi-1278

sual grounding. In contrast, hallucinated attributes1279

like the “purple” bus show scattered TAM activa-1280

tions despite broad attention coverage. This dis-1281

crepancy mathematically confirms that such tokens1282

are driven by linguistic priors rather than specific vi-1283

sual features. Figure 15 illustrates a case where the1284

model fails to detect swapped furniture, incorrectly1285

labeling the images as “the same.” The diffuse pat-1286

terns in both Attention Maps and TAMs indicate a1287

failure at the encoding level: the model simply did1288

not perceive the structural difference, forcing it to1289

guess based on the general scene similarity. Fig-1290

ure 16 demonstrates the more critical dissociation.1291

While the Attention Maps correctly highlight the1292

differing food items (proving the model “saw” the1293

change), the text output claims they are “identical.”1294

This contradiction provides definitive proof that the1295

reasoning module ignored valid visual signals.1296

D.2 Additional Visualization of Attention1297

Decay1298

To validate the universality of the Visual Attention1299

Decay mechanism identified in the main text, we1300

extend our analysis beyond the SPD-Faith Bench.1301

We visualize the layer-wise attention dynamics1302

across different MLLM architectures (Qwen2.5-1303

VL and LLaVA-1.5-7B) and distinct reasoning do-1304

mains (specifically, the complex mathematical rea-1305

soning dataset, MathVista (Lu et al., 2023)). Fig-1306

ures 17 to 20 present the comprehensive layer-1307

wise attention distribution. We observe two critical1308

trends that corroborate our mechanistic hypothesis:1309

Universality Across Model Architectures. 1310

Whether in the state-of-the-art Qwen2.5-VL or the 1311

earlier LLaVA-1.5, the pathological “Suppression- 1312

then-Decay” pattern persists. In LLaVA-1.5 1313

(Figures 19 to 20), visual attention is suppressed to 1314

near-zero levels across almost all layers, indicating 1315

an extreme reliance on linguistic priors. In 1316

Qwen2.5-VL (Figures 17 to 18), while early 1317

layers capture more visual signals, the progressive 1318

decay in deep layers remains unavoidable. This 1319

suggests that visual fading is a structural bottleneck 1320

inherent to current Transformer-based MLLMs, 1321

independent of parameter scale or training data. 1322

Exacerbation in Mathematical Reasoning. 1323

Crucially, when extending the analysis to Math- 1324

Vista (Figures 18 and 20), we find that the visual 1325

attention decay is even more severe than in the 1326

image difference task. Mathematical reasoning typ- 1327

ically requires long-chain symbolic manipulation. 1328

As the CoT grows longer, the model’s internal pro- 1329

cessing shifts aggressively toward the text modal- 1330

ity to perform calculations or logical deductions. 1331

Consequently, the model becomes “visually de- 1332

tached” faster, failing to re-ground its intermediate 1333

reasoning steps in the diagrammatic evidence. This 1334

Task-Induced Exacerbation confirms that complex 1335

reasoning tasks are particularly vulnerable to the 1336

Perception-Reasoning Dissociation. 1337

D.3 Residual Stream Dynamics 1338

Following the analysis of attention decay, we fur- 1339

ther investigate the internal mechanisms of be- 1340

havioral unfaithfulness by visualizing the layer- 1341

wise cosine similarity of hidden states between 1342

the paired responses to symmetric binary queries. 1343

Figure 21 presents representative case studies com- 1344

paring faithful and unfaithful reasoning processes: 1345

Faithful Reasoning (High Consistency). As 1346

shown in the top row (e.g., Sample 21 and 26), 1347

when the model provides logically consistent an- 1348

swers (correctly identifying the difference or lack 1349

thereof), the hidden states between the two re- 1350

sponse trajectories exhibit extremely high similarity 1351

(averaging > 0.95) across all layers. This indicates 1352

that the model maintains a stable and consistent in- 1353

ternal representation of the visual scene, regardless 1354

of the question’s polarity. The reasoning process is 1355

robust and anchored to the same visual evidence. 1356

Unfaithful Reasoning (Mode Switching). Con- 1357

versely, the bottom row (e.g., Sample 29 and 51) il- 1358
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lustrates cases where the model falls into the “Log-1359

ical Trap,” providing contradictory answers (e.g.,1360

answering “Yes” to both questions). In these in-1361

stances, we observe a marked divergence in hid-1362

den states, particularly in the middle-to-deep layers1363

(similarity drops to ∼0.83). This fluctuation sug-1364

gests that the model undergoes a mode switch. It1365

does not rely on a unified visual understanding.1366

Instead, the conflicting prompts trigger distinct,1367

ungrounded reasoning pathways (likely driven by1368

different linguistic priors in the FFN), leading to1369

internal semantic drift and, ultimately, behavioral1370

unfaithfulness.1371

D.4 Neuron Level Analysis1372

Recent studies (Geva et al., 2021, 2022; Yu and1373

Ananiadou, 2024) have shown that the Feed-1374

Forward Network (FFN) layers in Transformer-1375

based models play a critical role beyond simple1376

nonlinear transformation, functioning as key loci1377

for knowledge storage, feature selection, and high-1378

level reasoning. Prior work has demonstrated that1379

individual FFN neurons often exhibit strong seman-1380

tic or functional specialization, responding selec-1381

tively to specific concepts, attributes, or reason-1382

ing patterns. Consequently, neuron-level activa-1383

tion analysis has emerged as an effective tool for1384

probing internal model behaviors, including inter-1385

pretability, generalization, and failure modes.1386

In both unimodal and multimodal settings, an-1387

alyzing neuron activations has provided valuable1388

insights into phenomena such as shortcut learning,1389

spurious correlations, and hallucination. Notably,1390

several studies have observed that erroneous or un-1391

faithful model behaviors are frequently accompa-1392

nied by distinct activation patterns or abnormal neu-1393

ron utilization, particularly in middle and deeper1394

layers where abstract reasoning is concentrated.1395

These findings suggest that hallucinations may not1396

merely reflect surface-level decoding errors, but1397

instead correspond to systematic shifts in internal1398

computational pathways.1399

Motivated by this line of work, we perform a1400

fine-grained neuron-level analysis of FFN activa-1401

tions to better understand the internal mechanisms.1402

Specifically, we track the binary activation states1403

of intermediate neurons in the FFN layers during1404

the generation phase, calculating the Neuron Ac-1405

tivation Difference Ratio between faithful and un-1406

faithful (hallucinated) responses.1407

Methodology. For a given input sample, let 1408

h
(t)
l ∈ Rd denote the hidden state at layer l and 1409

token position t, where d is the hidden dimension. 1410

The FFN layer processes this state through a gated 1411

architecture: 1412

FFN(h
(t)
l ) = Wdown

(
σ(Wgateh

(t)
l )⊙Wuph

(t)
l

)
,

(19) 1413

where Wgate,Wup ∈ Rdffn×d are the gate and up- 1414

projection matrices, Wdown ∈ Rd×dffn is the down- 1415

projection matrix, σ(·) is the SiLU activation func- 1416

tion, and ⊙ denotes element-wise multiplication. 1417

Here, dffn represents the intermediate FFN dimen- 1418

sion (typically dffn = 4d). 1419

We define the binary activation state for the i-th 1420

neuron at layer l during the generation phase as: 1421

a
(i)
l = I

 T∑
t=tgen

σ
(
w

gate
l,i · h

(t)
l

)
> 0

 (20) 1422

where wgate
l,i is the i-th row of Wgate, tgen marks the 1423

start of the generation phase (i.e., the first assistant 1424

token position), T is the total sequence length, and 1425

I[·] is the indicator function. This binary activation 1426

captures whether neuron i contributes to the output 1427

generation. 1428

The Neuron Activation Ratio at layer l for a 1429

single sample is computed as: 1430

Rl =
1

dffn

dffn∑
i=1

a
(i)
l . (21) 1431

To quantify the difference between faithful and 1432

unfaithful responses, we compute the Neuron Acti- 1433

vation Difference Ratio: 1434

∆Rl =
1

|Sunfaith|
∑

s∈Sunfaith

R
(s)
l −

1

|Sfaith|
∑

s∈Sfaith

R
(s)
l ,

(22) 1435

where Sfaith and Sunfaith denote the sets of faithful 1436

and unfaithful samples, respectively, and R
(s)
l is 1437

the activation ratio at layer l for sample s. A pos- 1438

itive ∆Rl indicates that unfaithful responses acti- 1439

vate more neurons at layer l, suggesting heightened 1440

or aberrant processing. This comparative analy- 1441

sis reveals that unfaithful reasoning in cognitive 1442

tasks triggers significantly more divergent neural 1443

pathways compared to simple perceptual tasks. 1444

As illustrated in Figure 22, we compare the acti- 1445

vation patterns across two distinct settings. For per- 1446

ceptual tasks, we utilize our proposed SPD-Faith 1447

Bench. For complex cognitive tasks, we collected 1448

21



a set of model responses involving intricate reason-1449

ing and employed GPT-4o to evaluate their faithful-1450

ness. The results show that the activation difference1451

in the cognitive reasoning set is markedly more1452

pronounced than in the SPD-Faith Bench. While1453

perceptual hallucinations in SPD-Faith Bench in-1454

volve subtle shifts (difference ratio mostly < 0.1),1455

unfaithful reasoning in the cognitive set causes dra-1456

matic activation spikes (reaching up to 0.22) in1457

middle-to-deep layers, indicating a fundamental1458

shift in the model’s internal functional state during1459

complex reasoning failures.1460

E SAGE Implementation Details1461

E.1 Pipeline1462

We provide the algorithm flow of SAGE in Alg. 1.1463

Stage I: Counteracting Visual Fading. Autore-1464

gressive MLLMs suffer from Visual Attention De-1465

cay, where attention to visual tokens vanishes as1466

the sequence length t increases. This causes the1467

conditional probability to degenerate to P (xt|x<t),1468

effectively ignoring visual evidence. To address1469

this, Stage I (Alg. 1, Lines 2-13) introduces a time-1470

variant enhancement factor. By dynamically ampli-1471

fying visual attention weights based on the decay1472

rate δt, we enforce a non-vanishing gradient flow1473

from visual tokens, preserving the causal link be-1474

tween vision and generation.1475

Stage II: Resolving Information Flow Conflict.1476

Hallucinations often stem from Feed-Forward Net-1477

works (FFNs) overriding visual routing (MHA)1478

with parametric priors. We quantify this Mechanis-1479

tic Conflict using the KL Divergence between the1480

residual updates of MHA (∆attn) and FFN (∆ffn):1481

DKL =
∑

σ(∆attn) log
σ(∆attn)

σ(∆ffn)
. (23)1482

A high DKL indicates that the FFN is steering the1483

representation orthogonally to the visual context.1484

In such cases, SAGE suppresses ∆ffn (Alg. 1, Lines1485

19–20), theoretically pruning the “hallucination1486

branch” to force adherence to the visual routing.1487

Stage III: Visual Dependency Amplification.1488

To “rescue” visually correct tokens suppressed by1489

linguistic inertia, we maximize the Visual Informa-1490

tion Gain ∆ = Lmain − Laux. The final logits are1491

updated via a ReLU-weighted mechanism (Alg. 1,1492

Line 30):1493

Lfinal = Lmain + η · ReLU (Lmain − Laux) . (24)1494

The “ReLU” acts as a selective gate: it passes pos- 1495

itive gains (∆ > 0) to amplify tokens that heav- 1496

ily rely on visual evidence, while blocking non- 1497

positive terms (∆ ≤ 0) to avoid disturbing the 1498

generation of functional words. This ensures the 1499

intervention is strictly constructive. 1500

E.2 Additional Results 1501

To demonstrate the robustness and versatility of 1502

SAGE, we report comprehensive evaluation results 1503

on both the standard POPE (Li et al., 2023) bench- 1504

mark and the full metric suite of our proposed SPD- 1505

Faith Bench. 1506

Results on POPE. As shown in Table 9, SAGE 1507

consistently outperforms baselines across random, 1508

popular, and adversarial settings. By dynamically 1509

reinforcing visual attention, SAGE achieves higher 1510

Accuracy and F1 scores, effectively mitigating 1511

object-level hallucinations caused by perceptual 1512

blindness. 1513

Results on SPD-Faith Bench. Table 10 presents 1514

the performance across all six evaluation metrics. 1515

SAGE yields holistic improvements: 1516

• Perception (DS, DQR, TF1, CF1): Clear gains 1517

in sensitivity and fine-grained recognition con- 1518

firm that the model “sees” more details. 1519

• Faithfulness (CR, DRF): The reduction in 1520

Contradiction Rate (CR) and the boost in Rea- 1521

soning Faithfulness (DRF) demonstrate that 1522

the model’s reasoning is logically consistent 1523

and strictly anchored to the visual evidence. 1524

E.3 Hyperparameter Sensitivity Analysis 1525

We investigate the sensitivity of three key hyperpa- 1526

rameters in SAGE: α0 (Stage I), β (Stage II), and η 1527

(Stage III), by evaluating them on benchmarks most 1528

relevant to their specific functions. First, regard- 1529

ing the visual enhancement factor α0, results on 1530

the POPE benchmark (Table 11) show that a mod- 1531

erate enhancement (α0 = 0.1) achieves the best 1532

balance. Lower values fail to counteract attention 1533

decay, while higher values introduce noise that dis- 1534

rupts the pre-trained language distribution. Second, 1535

for the FFN suppression coefficient β, evaluations 1536

on the MME benchmark (Table 12) indicate that 1537

performance peaks at β = 0.9. This suggests that 1538

a soft suppression strategy effectively filters out un- 1539

faithful priors while preserving valid semantic con- 1540

text, whereas aggressive suppression degrades gen- 1541

eral capabilities. Finally, we assess the contrastive 1542
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penalty weight η on SPD-Faith Bench. As shown1543

in Table 13, setting η = 0.5 yields the optimal1544

improvement in CR and Reasoning DRF, whereas1545

larger values result in overly conservative genera-1546

tion that harms reasoning quality.1547

E.4 Ablation Study1548

To validate the effectiveness of each component,1549

we conduct a step-wise ablation study on the SPD-1550

Faith Bench using Qwen2.5-VL-7B as the back-1551

bone (Table 14). Incorporating Stage I (See) yields1552

immediate gains in global perception, with DS ris-1553

ing from 42.8% to 45.2% and TF1 improving to1554

53.2%, confirming that dynamic attention modu-1555

lation counteracts visual blindness. Subsequently,1556

adding Stage II (Analyze) significantly boosts CF11557

to 41.4% and CR to 40.3%, indicating that recti-1558

fying FFN information flow effectively prevents1559

parametric priors from overriding visual signals.1560

Finally, the full SAGE framework (with Stage III)1561

achieves the best performance across all metrics,1562

notably elevating DRF to 33.7% and CR to 43.8%.1563

This demonstrates that the visual-anchored con-1564

trastive decoding acts as a critical final safeguard,1565

filtering out ungrounded hallucinations to ensure1566

the CoT is strictly aligned with visual evidence.1567

F Computational Infrastructure1568

All experiments were conducted on NVIDIA1569

TESLA A100-80G GPUs.1570

G Use of AI Assistants1571

We acknowledge that we used AI to help improve1572

the manuscript, mainly for grammar, phrasing, and1573

overall clarity. AI was also briefly used to fix small1574

errors and syntax in the code included in the work.1575
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Q: Describe this picture.
A: The image depicts a table set for a celebration or gathering, featuring a variety of food and 
drink items. There is a white cake topped with red and blue berries, a plate of assorted cheeses
and crackers, and a stack of white plates. The table is covered with a red tablecloth, and there are 
wine glasses and cups arranged neatly.

Attention

TAM

drink cake cheesesred glassesberries

Q: Describe this picture.
A: There is a large cyan mountain bike in the foreground, with a gray school bus behind it. To the 
left of the school bus is a small gray bicycle, and to the right of the school bus is a small yellow 
airplane. Additionally, there is a small purple bus and a small gray train on the left.

Attention

TAM

cyan bus purpleairplaneyellowbicycle

Figure 14: Visualization of alignment between attention maps and TAMs. The top examples exhibit high overlap,
indicating faithful visual grounding, while the bottom examples show significant discrepancies.
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Q: Are the two pictures the same?
A: Yes, the two pictures are of the same room. The layout, furniture, decorations, table and chairs 
appear to be the identical in both image. 

Attention AttentionTAM TAM

decorations chairs

Q: Are the two pictures different?
A: The two pictures are of the same room, but the table and chairs have been swapped.

chairstable

Attention TAM Attention TAM

😵
I can’t see

Figure 15: Illustration of Perceptual-Blindness Failure. The model fails to detect the difference, evidenced by
diffuse and unfocused patterns in both attention maps and TAMs.
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Q: Are the two pictures the same?
A: Yes, the two pictures are the same, They depict the same room with the same objects and 
layout. 

Attention AttentionTAM TAM

same objects

🫢

I can see but I 
say wrong

Q: Are the two pictures the same?
A: Yes, the two pictures are the same. They both show a wooden table with a plate of food, a cup 
of tea, and a plate of fruit. The arrangement of the items on the table is identical in both images.

Attention

Attention TAM Attention TAM

cuptea

Figure 16: Illustration of Perception-Reasoning Dissociation. The attention map correctly highlights the difference
region (seeing), yet the model generates a contradictory description (saying wrong), revealing a disconnect between
perception and reasoning.
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Figure 17: Layer-wise attention dynamics of Qwen2.5-VL on the multi-difference subset.
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Figure 18: Layer-wise attention dynamics of Qwen2.5-VL on MathVista.
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Figure 19: Layer-wise attention dynamics of Llava-1.5-7B on the multi-difference subset.

29



Figure 20: Layer-wise attention dynamics of Qwen2.5-VL on MathVista.
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Figure 21: Internal consistency analysis. We compare the hidden state similarity of paired responses. Faithful
samples (Top) maintain near-perfect alignment (Avg ≈ 0.99), whereas unfaithful samples (Bottom) suffer from
significant representation degradation (Avg drops to ∼0.83), highlighting the internal mechanism of behavioral
unfaithfulness.

Table 9: Quantitative comparison with state-of-the-art methods on the POPE benchmark. We report Accuracy
and F1 Score across Random, Popular, and Adversarial settings. The best result in each case is highlighted in bold.

Model Method Random Popular Adversarial Average

Accuracy↑ F1 Score↑ Accuracy↑ F1 Score↑ Accuracy↑ F1 Score↑ Accuracy↑ F1 Score↑

LLaVA-1.5-7B

Original 83.5 82.3 80.0 79.3 76.0 76.3 79.8 79.3
ICD (Wang et al., 2024c) 84.9 83.3 82.9 81.5 81.1 80.0 83.0 81.6
VCD (Leng et al., 2024) 86.8 86.8 82.7 83.4 77.3 79.3 82.3 83.2
OPERA (Huang et al., 2024) 87.5 86.5 84.2 83.5 80.9 80.7 84.2 83.6
AGLA (An et al., 2025) 88.5 87.7 85.1 84.7 81.1 81.4 84.9 84.6

SAGE (Ours) 89.5 89.2 87.1 86.9 81.8 82.5 86.1 86.2

Qwen2-VL-7B

Original 87.6 86.2 86.8 85.1 84.8 83.4 86.4 84.9
ICD (Wang et al., 2024c) 88.1 86.8 87.3 85.9 86.0 85.7 87.1 86.1
VCD (Leng et al., 2024) 88.6 87.2 87.6 86.2 86.1 85.8 87.4 86.4
OPERA (Huang et al., 2024) 89.4 88.5 88.0 86.3 87.5 87.2 88.3 87.3
AGLA (An et al., 2025) 89.0 88.8 88.7 87.5 87.7 87.8 88.5 87.7

SAGE (Ours) 90.5 89.4 89.0 88.4 88.7 89.3 89.4 89.0
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Algorithm 1 SAGE: See, Analyze, and Generate Engine for Faithful Multimodal Reasoning

Require: Multimodal LLMM, Input Image I , User Query Q.
Require: Thresholds ℓs (Shallow/Deep boundary), τ (KL threshold), k (Top-k).
Require: Hyper-parameters α0 (Base enhancement), β (Suppression), η (Contrastive).
Ensure: Generated Response Y .

1: # Stage-1: Dynamic Visual Routing (See)
2: for each generation step t do
3: for each layer ℓ do
4: Calculate raw attention matrix A

(ℓ)
t

5: if ℓ < ℓs (Shallow Layers) then
6: Static modulation: A(ℓ)

t ← (1 + α0)A
vis
t + (1− α0)A

sys
t +A

prompt
t

7: else
8: // Adaptive enhancement based on attention decay
9: Calculate mean visual attention: µt ← Mean(A(ℓ)

t,vis)
10: Compute decay rate: δt ← (µt − µt−1)/µt−1

11: Update factor via decay function f : α(ℓ)
t ← α0 + f(δt)

12: Apply modulation: A(ℓ)
t ← (1 + α

(ℓ)
t )Avis

t + . . .
13: end if
14: end for
15: # Stage-2: Information Flow Rectification (Think)
16: for each layer ℓ do
17: Compute residual updates: ∆(ℓ)

attn ← MHA(hℓ), ∆
(ℓ)
ffn ← FFN(hℓ+1/2)

18: Calculate Divergence: D(ℓ)
KL ← KL(softmax(∆(ℓ)

attn) ∥ softmax(∆(ℓ)
ffn ))

19: if D(ℓ)
KL > τ then

20: Suppress FFN hallucination: hℓ+1 ← hℓ+1/2 + β ·∆(ℓ)
ffn

21: else
22: Standard update: hℓ+1 ← hℓ+1/2 +∆

(ℓ)
ffn

23: end if
24: end for
25: # Stage-3: Visual-Anchored Generation (Generate)
26: Extract Attention Map ΩA and TAM ΩT

27: Generate Discrepancy Mask: M← I(ΩA ∩ ΩT ∈ Top-k)
28: Forward Main Path (I)→ Lmain
29: Forward Aux Path (I ⊙ (1−M))→ Laux
30: Contrastive Decoding: Lfinal ← Lmain + η · ReLU(Lmain − Laux)
31: Sample token yt ∼ Softmax(Lfinal), Append yt to Y
32: if yt is EOS then
33: break
34: end if
35: end for
36: return Y
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Figure 22: Neuron-level diagnosis of unfaithfulness.
(Top) On SPD-Faith Bench, the activation patterns for
faithful vs. unfaithful responses remain similar. (Bot-
tom:) On MME cognition-related tasks, distinct activa-
tion spikes are observed with much higher magnitude.

Table 10: Quantitative comparison on SPD-Faith
bench. We report DS, DQR, TF1, CF1, CR, and DRF.
The best result is highlighted in bold.

Method DS ↑ DQR ↑ TF1 ↑ CF1 ↑ CR ↑ DRF ↑

Greedy 42.8 65.0 51.6 38.3 38.2 29.5

VCD (Leng et al., 2024) 44.3 67.0 53.6 39.6 39.4 31.2
SC (Wang et al., 2022) 42.8 65.2 52.1 38.3 38.7 29.8
SR (Madaan et al., 2023) 42.8 67.4 49.8 37.5 37.5 27.7
API (Yu et al., 2024) 39.2 63.2 52.2 39.8 36.6 28.2
Zoom-Refine (Yu et al., 2025) 43.4 65.0 56.8 41.4 39.7 31.5

SAGE (Ours) 46.2 67.2 55.4 42.1 43.8 33.7

Table 11: Sensitivity of α0 on POPE. The model
achieves optimal perception-hallucination balance at
α0 = 0.1.

α0 Value 0.0 0.05 0.1 0.15 0.2

Accuracy (↑) 79.8 84.2 86.1 85.3 81.4
F1 Score (↑) 79.3 84.2 86.2 85.8 81.0

Table 12: Sensitivity of FFN suppression coefficient
β on MME. A mild suppression (β = 0.9) achieves
the best trade-off between hallucination mitigation and
knowledge retention.

β Value 1.0 0.9 0.8 0.7 0.6

Score (↑) 1452.48 1520.67 1480.33 1429.67 1350.91

Table 13: Sensitivity of contrastive weight η on SPD-
Faith Bench. η = 0.5 yields the lowest contradiction
rate and highest reasoning faithfulness.

η Value 0.0 0.25 0.5 0.75 1.0

CR (↑) 39.5 41.4 43.8 40.4 37.5
DRF (↑) 29.9 31.2 33.7 30.7 25.6

Table 14: Stage-wise ablation study on SPD-Faith
Bench. We verify the contribution of each stage using
the Qwen2.5-VL-7B backbone. Higher is better (↑) for
all metrics.

Settings Components Faithfulness Metrics (%)

See Analyze Generate DS ↑ DQR ↑ TF1 ↑ CF1 ↑ CR ↑ DRF ↑

Baseline - - - 42.8 65.0 51.6 38.3 38.2 29.5

+ Stage I ✓ - - 45.2 65.5 53.2 37.2 39.1 30.5
+ Stage II ✓ ✓ - 45.4 66.3 54.8 41.4 40.3 30.9
+ Stage III (SAGE) ✓ ✓ ✓ 46.2 67.2 55.4 42.1 43.8 33.7
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“”’You are analyzing object annotations for a "spot the difference" puzzle. Below are the objects detected in an image:

{objects_text}

Your task:
1. Select ONE object that would be suitable for color change. Consider:
- The object should have appropriate size (not too small, not too large)
- The object should be something that commonly appears in multiple colors in real life
Examples of good choices: cars, umbrellas, clothing, bags, bicycles, trucks, buses
Examples of bad choices: grass, sky, bananas, trees (typically one color)
- The color change should be realistic and follow common sense

2. Determine what color to change it to:
- Available colors: red, orange, yellow, lime, green, cyan, blue, purple, pink, magenta
- Choose a target color that creates a noticeable but realistic change
- The target color should be different from the object's current color
{excluded_colors_text}

IMPORTANT: Return ONLY a valid JSON object (no markdown code blocks, no extra text) in this exact format:
{{
"selected_object_id": <object ID number>,
"object_name": "<category name>",
"original_color": "<original color name>",
"target_color": "<color name from the list above>"
}}

Make sure the selected object is something that can realistically have different colors in everyday life."""

Prompt for the color change

Figure 23: Prompt template for color modification. We instruct the LLM (e.g., Gemini-2.5-Pro) to select a salient
object from the scene and define a target color change to construct the image pair.
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"""You are analyzing an image for a "spot the difference" puzzle. The image contains the following objects (marked with green boxes 
and IDs):

{objects_text}

Your task:
1. Select ONE object suitable for a position change (prefer smaller, movable objects).
2. Determine its current position.
3. Suggest a reasonable new position that is visually plausible and creates a noticeable but natural difference.

Hard constraints:
- new_bbox MUST have the SAME width and height as original_bbox (only x and y change).
- new_bbox MUST be fully inside the image boundaries.
- new_bbox MUST NOT overlap or intersect with ANY other object's bounding box.
- The move MUST be physically plausible: keep the object on a realistic support surface (e.g., floor/ground/road/table), avoid floating 
in mid-air, avoid penetrating other objects, and respect perspective/scale.

Additional guidance:
- Avoid areas densely occupied by other objects or heavy occlusion.
- Prefer positions that are clear of other bounding boxes and look natural for the chosen object.

IMPORTANT: Return ONLY a valid JSON object (no markdown code blocks, no extra text) in this exact format:
{{
"selected_object_id": <object ID number>,
"object_name": "<category name>",
"original_bbox": [x, y, w, h],
"new_bbox": [new_x, new_y, w, h],
"reason": "<brief reason for this position change>"
}}"""

Prompt for the position change

Figure 24: Prompt template for spatial displacement. We instruct the LLM (e.g., Gemini-2.5-Pro) to identify a
movable object and determine a reasonable target coordinate for the position shift.
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"""You are analyzing an image for a "spot the difference" puzzle.
The image contains the following objects (marked with green boxes and IDs):

{objects_text}

Your task:
1) Select ONE object to REMOVE from the image.
2) Prefer a moderately sized, non-salient foreground object (roughly near the median area: ~{median_area_pct:.2f}% of the image 
area).
3) Avoid removing background/structural surfaces (e.g., sky, grass, ground, walls, road, large tables) or extremely large regions that 
would break scene plausibility.
4) Avoid tiny or heavily occluded objects that are too inconspicuous.
5) The choice should be physically plausible: removing it should not violate basic scene integrity.

IMPORTANT: Return ONLY a valid JSON object (no markdown code blocks, no extra text) in this exact format:
{{
"selected_object_id": <object ID number>,
"object_name": "<category name>",
"reason": "<brief reason for removing this object>"
}}"""

Prompt for the removal object

Figure 25: Prompt template for object removal. We instruct the LLM (e.g., Gemini-2.5-Pro) to select a specific
object to be removed from the scene, which is subsequently processed by the inpainting model.
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"""You are analyzing an image for a "spot the difference" puzzle. Your task is to select {num_differences} difference types that will be 
applied to objects in this image.

The image contains the following objects (with their bounding boxes and sizes):
{objects_text}

Available difference types:
1. "remove" - Remove an object from the image (using inpainting to fill the gap)
2. "color" - Change an object's color to a different color
3. "position" - Move an object to a different position in the image

CRITICAL SELECTION RULES:

1. NATURALNESS AND REALISM (Highest Priority):
- The modified image MUST look natural and realistic, as if it could exist in real life
- All changes must be physically plausible and consistent with everyday common sense
- Avoid changes that would break scene coherence or violate basic physics
- Consider the context: changes should make sense for the scene type (indoor/outdoor, urban/nature, etc.)

2. SIZE-BASED SELECTION STRATEGY:
- Large objects:
* AVOID using "remove" for large objects - removing them would create unnatural large gaps
* PREFER "color" for large objects - color changes are natural and maintain scene integrity
* Only use "position" for large objects if the move is physically plausible (e.g., moving furniture)
- Medium objects:
* Can use "remove", "color", or "position" depending on context
* Prefer "color" or "position" over "remove" when possible
- Small objects:
* All three types are acceptable
* "remove" is most natural for small, non-essential objects

3. OBJECT TYPE CONSIDERATIONS:
- Background elements (sky, ground, walls): NEVER use "remove", prefer "color" if applicable
- Structural elements (buildings, large furniture): Avoid "remove", prefer "color"
- Movable objects (vehicles, people, small items): "position" is often most natural
- Objects that commonly appear in multiple colors (cars, clothing, bags): "color" is ideal
- Decorative or accessory items: "remove" can be natural

Prompt for the multi-diff change

Figure 26: Prompt template for multi-difference image pairs (Part 1). The template guides the model to select a
specific number of differences and applies strict realism constraints to ensure high-quality synthetic data generation.
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4. DIVERSITY REQUIREMENT:
- Select {num_differences} DIFFERENT difference types (you can repeat types if needed, but diversity is preferred)
- Try to use a mix of types when possible to create varied differences

5. VISIBILITY AND NOTICEABILITY:
- All differences must be clearly visible to the human eye
- Differences should be noticeable but not jarring
- Consider contrast: changes should stand out from the background

6. SCENE CONSISTENCY:
- All changes together should create a coherent modified scene
- Avoid conflicting changes (e.g., removing an object and changing its color)
- Consider how changes interact with each other

SELECTION PROCESS:
1. First, identify which objects are large (check the size percentages)
2. For large objects, prioritize "color" over "remove"
3. Consider the object type and its role in the scene
4. Ensure all selected difference types will result in natural, realistic modifications
5. Verify that the combination of changes makes sense together

IMPORTANT: Return ONLY a valid JSON object (no markdown code blocks, no extra text) in this exact format:
{{
"differences": ["diff_type1", "diff_type2", "diff_type3", ...]
}}
CRITICAL: 
- The "differences" array MUST contain exactly {num_differences} items
- Each diff_type MUST be one of: "remove", "color", "position" 
- Prioritize naturalness and realism above all else
- Remember: large objects should generally use "color" instead of "remove"
"""

Figure 27: Prompt template for multi-difference image pairs (Part 2).
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Metadata

"complexity": "easy",
"num_differences": 1,
"differences": [
{
"type": "position",
"original_bbox": [
359.22,
230.29,
218.89,
15.03
],
"new_bbox": [
209.0,
260.0,
219.0,
15.0
],
"category": "surfboard",
"category_id": 42,
"area": 1027.1912000000002,
"object_index": 1,
"diff_index": 1
}

Description:
The image displays a pair of black-and-white 
photographs featuring a person stand-up 
paddleboarding on a body of water with a 
shoreline in the distance.
In the top panel, the individual, wearing a full 
wetsuit, is standing firmly on a surfboard, 
holding a paddle with both hands.
In the bottom panel, the scene is identical 
except for one major manipulation: the 
position of the surfboard has been 
changed. The board is no longer under the 
person's feet; instead, it has been shifted to 
the left side of the frame. Consequently, the 
person appears to be hovering or standing 
directly on the water's surface, while the 
surfboard floats independently nearby.

Metadata

"complexity": "easy",
"num_differences": 1,
"differences": [
{
"type": "remove",
"bbox": [
202.94,
192.52,
285.22,
156.32
],
"category": "dog",
"category_id": 19,
"area": 16757.022450000004,
"object_index": 1,
"diff_index": 1
}

Description:
The image pair shows a man riding a white 
horse across a grassy field.
In the top image, a small dog (appearing to be 
a cattle dog) is visible running alongside the 
horse near its rear legs.
In the bottom image, the small dog has been 
removed. The area where the dog was 
located has been inpainted with grass, leaving 
only the man and the horse in the scene.

Metadata

"complexity": "easy",
"num_differences": 1,
"differences": [
{
"type": "color",
"bbox": [
186.69,
262.44,
180.95,
109.14
],
"category": "skateboard",
"category_id": 41,
"original_color": "blue-green",
"target_color": "purple",
"area": 11683.233199999999,
"object_index": 1,
"diff_index": 1
}

Description:
The image pair displays a close-up low-angle 
shot of a person riding a skateboard on a 
wooden ramp.
In the top image (original), the underside of the 
skateboard deck features a teal (blue-
green) color design with standard urethane 
wheels.
In the bottom image (modified), the color of 
the skateboard has been altered from blue-
green to purple. This color change affects the 
underside of the deck and the wheels, giving 
them a distinct violet hue compared to the 
original version.

Metadata

 "complexity": "easy",
"num_differences": 1,
"differences": [
{
"type": "color",
"bbox": [
0.99,
284.53,
499.01,
176.47
],
"category": "couch",
"category_id": 63,
"original_color": "green",
"target_color": "blue",
"area": 28586.860900000007,
"object_index": 0,
"diff_index": 1
}

Description:
The image pair displays a side-profile shot of 
a person holding a mobile phone, set against 
a patterned wallpaper background with 
overlaid text.
In the left image (original), the upholstered 
sofa behind the person is olive green.
In the right image (modified), the color of the 
sofa has been altered from green to dark 
blue. While the person, their clothing, and the 
background wall remain identical, the 
furniture's color change significantly shifts the 
visual atmosphere of the bottom half of the 
image.

Figure 28: Examples of single-difference (easy) pairs. The figure displays four sample cases accompanied by
their corresponding ground-truth descriptions and metadata annotations.
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Metadata

"complexity": "medium",
"num_differences": 1,
"differences": [
{
"type": "color",
"bbox": [
372.58,
170.84,
266.63,
217.19
],
"category": "person",
"category_id": 1,
"original_color": "blue",
"target_color": "red",
"area": 14267.204750000004,
"object_index": 3,
"diff_index": 1
}Description:

The image pair depicts a group of cross-
country skiers in action on a snowy course.
In the top image (original), the skier positioned 
in the foreground on the right is wearing 
a dark blue racing suit with yellow accents.
In the bottom image (modified), the color of 
this specific skier's suit has been altered 
from dark blue to a reddish-brown 
(maroon) hue. The rest of the scene, 
including the other skiers and the snowy 
background, remains unchanged.

Metadata

"complexity": "medium",
"num_differences": 1,
"differences": [
{
"type": "remove",
"bbox": [
448.61,
137.29,
95.32,
92.7
],
"category": "tv",
"category_id": 72,
"area": 6845.892950000004,
"selection_reason": "The TV 
is a moderately sized 
foreground object (2.52% 
area, close to the median of 
~2.90%), and its removal 
would be physically plausible 
without disrupting the scene's 
core integrity.",
"object_index": 0,
"diff_index": 3
}

Description:
The image pair depicts a rustic living room or 
basement den featuring wood paneling and a 
brick fireplace.
In the top image (original), a television set is 
turned on and positioned on the brick ledge to 
the right of the fireplace, emitting a bright blue 
glow.
In the bottom image (modified), the 
television has been removed from the 
scene. The area where the TV previously 
stood has been inpainted to show the 
continuous brick ledge and wooden wall 
behind it, and the blue light cast by the screen 
is no longer present.

Metadata

"complexity": "medium",
"num_differences": 1,
"differences": [
{
"type": "remove",
"bbox": [
438.0,
207.86,
9.38,
26.74
],
"category": "car",
"category_id": 15,
"area": 162.5652499999996,
"selection_reason": "The 
object is a moderately sized 
bench (0.06% of image area, 
which is the median area 
requested), non-salient, 
clearly visible, and its removal 
is physically plausible without 
affecting scene integrity.",
"object_index": 6,
"diff_index": 2
}

Description:
The image pair depicts a street scene 
featuring a large yellow bus parked at a bus 
stop.
In the top image (original), a blue car is visible 
on the road, positioned directly behind the 
yellow bus in the distance.
In the bottom image (modified), the blue car 
has been removed from the scene. The 
road surface where the car was previously 
located has been inpainted, leaving the area 
behind the bus empty while preserving the 
surrounding environment.

Metadata

"complexity": "medium",
"num_differences": 1,
"differences": [
{
"type": "position",
"original_bbox": [
397.05,
295.81,
25.28,
62.3
],
"new_bbox": [
210.0,
410.0,
25.0,
62.0
],
"category": "fork",
"category_id": 48,
"area": 697.9057999999991,
"object_index": 4,
"diff_index": 3
}

Description:
The image pair depicts a birthday celebration 
with children around a cake.
In the top image (original), a blue plastic 
fork is resting on a patterned napkin in 
the bottom-right corner of the table.
In the bottom image (modified), the position 
of this blue fork has been changed. It has 
been moved from the right side to 
the bottom-left corner of the image, where it 
now lies next to another fork, leaving the 
napkin on the right empty.

Figure 29: Examples of single-difference (medium) pairs. The figure displays four sample cases accompanied by
their corresponding ground-truth descriptions and metadata annotations.
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Metadata

"complexity": "hard",
"num_differences": 1,
"differences": [
{
"type": "color",
"bbox": [
240.88,
316.88,
32.65,
42.61
],
"category": "suitcase",
"category_id": 33,
"original_color": "red",
"target_color": "green",
"area": 1097.7712499999998,
"object_index": 12,
"diff_index": 3
}

Description:
The image pair depicts a busy scene at a 
train station platform with the Skyliner train 
visible on the left.
In the top image (original), a passenger 
standing near the yellow safety line in the 
foreground has a red rolling suitcase.
In the bottom image (modified), the color of 
this suitcase has been altered from red to 
bright green. While the passenger's posture 
and the surrounding crowd remain identical, 
the luggage's color change creates a distinct 
visual difference in the lower-left quadrant of 
the image.

Metadata

"complexity": "hard",
"num_differences": 1,
"differences": [
{
"type": "remove",
"bbox": [
474.78,
37.91,
23.84,
64.41
],
"category": "person",
"category_id": 1,
"area": 857.2182000000009,
"selection_reason": "The 
object ID0 is a moderately 
sized 'person' (0.51% of 
image area, close to the 
median 0.61%) located in the 
background on the right side 
of the field. Its removal is 
physically plausible and 
would not significantly impact 
the main action or scene 
integrity, nor is it tiny or 
heavily occluded.",
"object_index": 3,
"diff_index": 4
}

Description:
The image pair depicts a baseball field scene 
with a group of players huddling in celebration 
in the foreground.
In the top image (original), a player wearing a 
dark jersey and grey pants is visible walking 
in the top-right corner of the background.
In the bottom image (modified), this specific 
player has been removed from the 
scene. The background area (the dirt track 
and stadium wall) where the player was 
standing has been inpainted, leaving the top-
right corner empty compared to the original 
image.

Metadata

"complexity": "hard",
"num_differences": 1,
"differences": [
{
"type": "position",
"original_bbox": [
33.36,
235.77,
22.92,
52.19
],
"new_bbox": [
70.0,
236.0,
23.0,
52.0
],
"category": "person",
"category_id": 1,
"area": 808.5676500000002,
"object_index": 2,
"diff_index": 3
}

Description:
The image pair depicts a busy city street 
intersection with pedestrians on the left 
sidewalk and traffic on the right.
In the top image (original), a woman wearing 
a purple patterned dress is walking on 
the left side of the sidewalk, close to the 
building wall.
In the bottom image (modified), the position 
of this woman has been shifted to the 
right.

Metadata

"complexity": "hard",
"num_differences": 1,
"differences": [
{
"type": "color",
"bbox": [
480.86,
144.74,
159.14,
98.09
],
"category": "bus",
"category_id": 6,
"original_color": "red",
"target_color": "green",
"area": 10804.11305,
"object_index": 2,
"diff_index": 1
}

Description:
The image pair depicts a vintage street scene 
featuring classic cars and motorcycles on a 
cobblestone road.
In the top image (original), a red single-
decker bus is parked in the background on 
the right side of the frame.
In the bottom image (modified), the color of 
this bus has been altered from red to 
bright green. While the bus's structure, the 
surrounding crowd, and the foreground 
vehicles remain identical, the color change 
creates a distinct visual difference in the 
background composition.

Figure 30: Examples of single-difference (hard) pairs. The figure displays four sample cases accompanied by
their corresponding ground-truth descriptions and metadata annotations.
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"num_differences": 3,
"modifications": [
{
"type": "color",
"object_id": 5,
"category": "surfboard",
"target_color": "cyan"
},
{
"type": "color",
"object_id": 6,
"category": "surfboard",
"target_color": "yellow"
},
{
"type": "remove",
"object_id": 7,
"category": "bottle"
}
]

Standard Description:
There are three differences between 
the images. First, the surfboard on 
the left has changed from yellow to 
cyan. Second, the surfboard on the 
right has changed from blue to yellow. 
Third, the bottle in the background 
has been removed.

Detailed Description:
This image pair depicts a group 
posing with surfboards, containing 
three distinct modifications:
Left Surfboard Color: The 
surfboard on the far left (branded 
"JEDIDIAH") has changed from its 
original yellow to a bright cyan.

Right Surfboard Color: The 
surfboard on the far right (branded 
"O'NEILL") has changed 
from blue to a yellow-green hue.

Object Removal: The clear plastic 
water bottle originally sitting on the 
background ledge (between the 
central figures) has been removed, 
leaving the wall behind it empty.

"num_differences": 3,
"modifications": [
{
"type": "remove",
"object_id": 1,
"category": "cup"
},
{
"type": "position",
"object_id": 2,
"category": "cup",
"new_bbox": [
314,
209,
91,
168
]
},
{
"type": "color",
"object_id": 6,
"category": "cup",
"target_color": "green"
}
]

Standard Description:
There are three differences between 
the images. First, a transparent cup 
near the center of the table has been 
removed. Second, a cup has been 
moved from the right to the upper-
center area of the table. Third, the 
cup that was moved has also 
changed color from transparent to 
green.

Detailed Description:

Object Removal: In the original 
image (left), a tall transparent glass 
stands near the center of the table, 
slightly behind the front-most pizza 
box. In the modified image (right), 
this glass has been 
completely removed.
Object Movement: A smaller 
transparent glass, originally located 
in the center-left area (near the 
"PIZZA" text on a box), has 
been moved to the upper-center 
area of the table, closer to the 
woman in the background.
Attribute Change 
(Color): Coinciding with the 
movement, the glass mentioned 
above has changed its appearance. 
While originally transparent, it is 
now a distinct translucent 
green color in its new position.

Figure 31: Examples of multi-difference pairs. The figure displays two sample cases accompanied by their
corresponding ground-truth descriptions and metadata annotations.
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"num_differences": 3,
"modifications": [
{
"type": "color",
"object_id": 5,
"category": "chair",
"target_color": "blue"
},
{
"type": "remove",
"object_id": 13,
"category": "bowl"
},
{
"type": "position",
"object_id": 10,
"category": "vase",
"new_bbox": [
330,
332,
20,
36
]
}
]

Standard Description:
There are three differences between 
the images. First, the chair near the 
table has changed color from red to 
blue. Second, the bowl that was 
previously on the table has been 
removed. Third, the vase on the 
table has been repositioned, moving 
slightly closer to the edge of the table.

Detailed Description:

This image pair displays a living 
room setting with a dining table in 
the foreground and a sofa area in 
the background. Three primary 
differences are present:
Color Change: The chair 
positioned to the right of the dining 
table, which was originally red, has 
been changed to blue in the 
second image.
Object Removal: A small bowl, 
previously located on the dining 
table in the foreground of the first 
image, is absent in the second 
image.
Object Repositioning: The vase 
containing flowers, initially placed 
on a shelf above the table to the 
right of the fireplace, has been 
subtly moved slightly closer to 
the edge of the shelf in the second 
image.

"num_differences": 4,
"modifications": [
{
"type": "color",
"object_id": 3,
"category": "backpack",
"target_color": "lime"
},
{
"type": "remove",
"object_id": 2,
"category": "donut"
},
{
"type": "remove",
"object_id": 4,
"category": "bowl"
},
{
"type": "remove",
"object_id": 5,
"category": "person"
}
]

Standard Description:
There are four differences between 
the images. First, the backpack worn 
by the person on the left has 
changed color from blue to lime. 
Second, the donut held by the same 
person has been removed. Third, the 
large bowl on the counter inside the 
shop has disappeared. Lastly, the 
person visible behind the counter 
inside the shop has been removed.
Detailed Description:

This image pair depicts two men 
standing in front of a shop window 
with decorative blue tiling. Four 
specific modifications have been 
made to the scene:
Color Change: The backpack worn 
by the man on the left, originally a 
dark color, has been changed to a 
distinct olive/lime green.
Object Removal (Handheld): The 
ring-shaped pastry (donut) held up 
by the man on the left has 
been removed, leaving only the 
thin stick or string he was holding it 
with.
Object Removal (Counter): A 
large white basin that was sitting on 
the window counter in the 
foreground has been removed, 
revealing the empty counter space.
Person Removal: The man 
wearing a white hat, originally 
visible inside the shop through the 
glass window, has been removed, 
leaving only the tiled back wall of 
the shop visible.

Figure 32: Examples of multi-difference pairs. The figure displays two sample cases accompanied by their
corresponding ground-truth descriptions and metadata annotations.
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"""You are evaluating the CONSISTENCY of a vision-language model's responses.

The model was asked TWO questions about the same pair of images:

- Question A: "Are the two pictures the same?"

- Question B: "Are the two pictures different?"

**Ground Truth:**

{ground_truth}

**Model's Response to Question A:**

{response_same}

**Model's Response to Question B:**

{response_different}

**TASK: Extract and Compare Specific Difference Descriptions ONLY**

**⚠ CRITICAL RULES:**

1. **IGNORE Yes/No Judgments**: 

- DO NOT evaluate "Yes, they are the same" vs "Yes, they are different"

- DO NOT score the overall conclusion (same/different)

- ONLY focus on SPECIFIC difference descriptions

2. **ONLY Extract Concrete Difference Claims**:

- ✅ Include: "The car changed from black to red"

- ✅ Include: "The frisbee was removed"

- ✅ Include: "Person's backpack is green instead of black"

- ❌ Exclude: "Yes, they are different" (overall judgment)

- ❌ Exclude: "The images are not the same" (overall judgment)

- ❌ Exclude: "They differ in several ways" (vague, no specifics)

3. **Compare Specific Claims Between Two Responses**:

- **Consistent**: Both mention the SAME specific difference

- Example: Both say "car color changed from black to red" ✅

- **Contradictory**: Conflicting descriptions of the SAME object/aspect

- Example: A says "car is red", B says "car is blue" ❌

- **Ambiguous**: Unclear or uncertain descriptions

- Example: "Maybe the color changed" ⚠

4. **Examples of What to Extract**:

**Response A**: "No, the pictures are not the same. The car in the left image is black, while in the right image it's red. Also, the person's backpack changed 

from black to green."

**Response B**: "Yes, they are different. The car color is different - left has black car, right has red car. The backpack is also different colors."

**Extracted Claims**:

- Claim 1: "Car color: black → red" (both responses) → CONSISTENT ✅

- Claim 2: "Backpack color changed" (both responses) → CONSISTENT ✅

5. **Scoring**:

- Consistent claim: +1.0 point

- Contradictory claim: -1.0 point 

- Ambiguous claim: +0.5 point

- **consistency_rate = (Σ scores) / total_claims**

Prompt for the evaluation of consistency rate

Figure 33: The prompt used to calculate the Consistency Ratio.
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**Output Format (JSON):**

```json

{{

"overall_consistency_rate": 0.85,

"total_claims": 6,

"consistent_claims": 5,

"contradictory_claims": 1,

"ambiguous_claims": 0,

"claim_analysis": [

{{

"claim_id": 1,

"claim_text_A": "The car changed from black to red",

"claim_text_B": "Car color is different - black in left, red in right",

"claim_type": "consistent",

"description": "Both identify the same car color change",

"score_contribution": 1.0

}},

{{

"claim_id": 2,

"claim_text_A": "The frisbee on the left turned lime green",

"claim_text_B": "The leftmost frisbee changed to blue",

"claim_type": "contradictory",

"description": "Conflicting color descriptions for the same frisbee",

"score_contribution": -1.0

}},

{{

"claim_id": 3,

"claim_text_A": "Maybe the bag is missing",

"claim_text_B": "The bag might have been removed",

"claim_type": "ambiguous",

"description": "Both are uncertain about the bag removal",

"score_contribution": 0.5

}}

],

"summary": {{

"is_logically_consistent": true,

"primary_issue": "One color mismatch",

"recommendation": "Model is mostly consistent in identifying differences"

}}

}}

```

**Important:**

- Extract ONLY specific difference descriptions, NOT overall judgments

- Match semantically equivalent claims (ignore wording differences)

- Apply strict penalties for contradictory specific claims

- Normalize final score to [0, 1] range

Now evaluate the model's consistency:"""

Figure 34: The template of controlling output formats.
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Q: Are the two pictures the same?
A: Yes, the two pictures are the same. They both show a 
group of children standing on a tennis court, posing for a 
photo. The children are wearing sports attire and holding 
tennis rackets. The background includes a fence and trees.

Q: Are the two pictures different?
A: Yes, the two pictures are different. In the left picture, there is 
a child holding a tennis racket, while in the right picture, the 
same child is not holding a racket.

Q: Are the two pictures the same?
A: Yes, the two pictures are the same. They show the 
same people in the same positions, holding the same 
frisbees.

Q: Are the two pictures different?
A: Yes, the two pictures are different. In the first picture, the man is holding a 
beige frisbee, the woman is holding a yellow frisbee, and the child is holding 
a purple frisbee. In the second picture, the man is holding a pink frisbee, the 
woman is holding a blue frisbee, and the child is holding a green frisbee.

Figure 35: Examples of unfaithful cases (inconsistent explanations).
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Q: Are the two pictures the same?
A: Yes, the two pictures are the same. They both show a 
bedroom with a bed covered by a mosquito net, a table, and a 
chair. The lighting and overall composition of the two images 
are identical.

Q: Are the two pictures different?
A: Yes, the two pictures are different. The left picture shows a 
bed with a green mosquito net, while the right picture shows a 
bed with a purple mosquito net.

Q: Are the two pictures the same?
A: Yes, the two pictures are the same. They both show a 
lunch box containing a banana, a sandwich, and some 
vegetables and fruits.
Q: Are the two pictures different?
A: Yes, the two pictures are different. In the left picture, there is a banana, 
while in the right picture, there is a small container of dip instead of a 
banana.

Figure 36: Examples of unfaithful cases (inconsistent explanations).
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Q: Are the two pictures the same?
A: Yes, the two pictures are the same. They both depict a 
scene with people riding bicycles near the same food trucks 
and boxes of produce. The overall composition, objects, and 
people in the two images are identical.

Q: Are the two pictures different?
A: Yes, the two pictures are different. The left picture shows a 
person riding a bicycle near a food stall, while the right picture 
shows a person riding a bicycle near a green building. The 
background and the people in the two pictures are also different.

Q: Are the two pictures the same?
A: Yes, the two pictures are the same. They both show a table with various food 
items, including plates of food, bowls of vegetables, and a glass of water. The 
arrangement of the items on the table appears to be identical in both pictures.
Q: Are the two pictures different?
A: Yes, the two pictures are different. In the left picture, there are three 
pieces of bread on the plate, while in the right picture, there are four pieces 
of bread on the plate.

Figure 37: Examples of unfaithful cases (inconsistent explanations).
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Q: How many differences between two pictures?

A:There are three differences between the images. First, the 
position of the wine glass held by the person has changed 
slightly. Second, the bottle that was standing on the counter to 
the left is missing in the second image. Third, the person's left 
foot is positioned differently in the second image compared to 
the first.\n\nSummary:\n[{'type': 'position', 'category': 'wine 
glass'}, {'type': 'remove', 'category': 'bottle'}, {'type': 'position', 
'category': 'person'}]

Q: How many differences between two pictures?

A: There are two differences between the images. First, the colors of the chairs 
in the background have changed. Second, the sleeve on the right arm of the 
person in the foreground has moved slightly.\n\n[{'type': 'color', 'category': 
'chair'}, {'type': 'position', 'category': 'person'}]

A: Three.

Q: There are three differences between the two pictures, can you find them?

A: Two.

Q: There are three differences between the two pictures, can you find them?

Figure 38: Examples of unfaithful cases (inconsistent explanations).
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Q: Are the two pictures the same?
A: The two pictures are almost identical, but there is a 
difference in the color of the truck. In the left image, the truck 
is blue, while in the right image, the truck is red.

Q: Are the two pictures different?
A: The two pictures are nearly identical except for the color of 
the truck. In the left image, the truck is blue, while in the right 
image, the truck is red.

"claim_analysis": [
{
"claim_id": 1,
"claim_text_A": "In the left image, the truck is blue, while in the right image, the 
truck is red.",
"claim_text_B": "In the left image, the truck is blue, while in the right image, the 
truck is red.",
"claim_type": "consistent",
“description”: “Both identify the same color change of the truck.”✅
},
{
"claim_id": 2,
"claim_text_A": "The car is not present in the right image.",
"claim_text_B": "The car is missing in the right image.",
"claim_type": "consistent",
“description”: “Both mention the absence of the car in the right image.”✅
},
{
"claim_id": 3,
"claim_text_A": "In the left image, the bus is green.",
"claim_text_B": "The bus in the left image is green.",
"claim_type": "consistent",
“description”: “Both confirm the bus color in the left image.”✅
}

🤖

DS: 1   CR: 1

Figure 39: Examples of DS and CR Evaluations.
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Q: Are the two pictures the same?
A: Yes, the two pictures are the same. They both show a 
person holding a flip phone with a picture of a cartoon 
character on the screen. The background and the person's 
clothing are also identical in both images.

Q: Are the two pictures different?
A: Yes, the two pictures are different. The left picture shows a 
pink flip phone with a picture of a person on the screen, while 
the right picture shows a blue flip phone with a different 
picture on the screen.

🤖

"claim_analysis": [
{
"claim_id": 1,
"claim_text_A": "The left picture shows a pink flip phone",
"claim_text_B": "The right picture shows a blue flip phone",
"claim_type": "contradictory",
"description": "Conflicting color descriptions for the same flip phone"
}, 
{
"claim_id": 2,
"claim_text_A": "with a picture of a cartoon character on the screen",
"claim_text_B": "with a different picture on the screen",
"claim_type": "contradictory",
"description": "Conflicting descriptions of the picture on the screen"
},
{
"claim_id": 3,
"claim_text_A": "the background and the person's clothing are also identical",
"claim_text_B": "no specific claim about background or clothing",
"claim_type": "contradictory",
"description": "One response claims similarity while the other does not 
address it"
}

❌

❌

❌

DS: 0   CR: 0

Figure 40: Examples of DS and CR Evaluations.
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Description: 
There are Three differences between the images.

First, the person walking across the street in the original image 
has been removed in the modified image. 

Second, the car on the left side of the street has changed color 
from red to cyan. 

Third, the car near the center of the street has changed color 
from red to blue. 

[{'type': 'remove', 'category': 'person'}, {'type': ‘color', 'category’: 
‘car'}, {'type': ‘color', 'category': 'car'}]",

Model response: 
There are three differences between the images.  

First, the person walking in the crosswalk in the first image 
is removed in the second image. 

Second, the red car near the gas station in the first image 
is removed in the second image. 

Third, the dark car and white car in the background of the 
first image are removed in the second image.

[{'type': 'remove', 'category': 'person'}, {'type': 'remove', 
'category': 'car'}, {'type': 'remove', 'category': 'car'}]",

🤖
✅

✅

❌

❌

TF1: 1/4      CF1: 1    DQR: 1     DRF: 1/3 

Figure 41: Examples of TF1, CF1, DQR, and DRF Evaluations.
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Description: 
There are three differences between the images. 

First, the television on the stone wall in the background has 
been removed. 

Second, the microwave above the oven has been removed, 
leaving an empty cabinet space. 

Third, the bowl on the countertop has changed color from 
yellow to magenta.

[{'type': 'remove', 'category': 'microwave'}, {'type': 'color', 
'category': 'bowl'}, {'type': ‘remove', 'category': 'tv'}]

Model response: 
There are three differences between the images.

First, the microwave above the stove is removed from the 
scene. 

Second, the bowl on the counter changes color from 
brown to pink. 

Third, the TV above the fireplace changes color from 
green to black.

[{'type': 'remove', 'category': 'microwave'}, {'type': 'color', 
'category': 'bowl'}, {'type': 'color', 'category': 'tv'}]

🤖

✅

✅

❌

TF1: 3/5     CF1: 1    DQR: 1     DRF: 2/3 

Figure 42: Examples of TF1, CF1, DQR, and DRF Evaluations.
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