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Abstract001

Despite the impressive capabilities of Large002
Vision-Language Models (LVLMs), they re-003
main susceptible to hallucination—generating004
content inconsistent with the input image. Re-005
cent studies attribute this to the dominance of006
language priors over visual inputs and employ007
contrastive decoding methods to mitigate this008
dominance, but the mechanistic origin remains009
unexplored. We investigate the information010
flow through each transformer layer and find011
that attention modules consistently aggregate012
visual evidence, while FFN modules at criti-013
cal layers act as the source of language priors.014
These priors can override visual evidence, caus-015
ing correct predictions in intermediate layers016
to drift toward incorrect outputs. Based on this017
insight, we propose FADE (FFN Attenuation018
for DEcoding), a training-free method that at-019
tenuates FFN outputs to reduce language dom-020
inance. Evaluations on POPE, CHAIR and021
MME benchmarks across LLaVA-1.5, mPLUG-022
Owl2 and InstructBLIP show that FADE effec-023
tively mitigates hallucinations while preserving024
inference efficiency.025

1 Introduction026

Large Vision-Language Models (LVLMs) have027

achieved remarkable progress in recent years,028

bridging the gap between vision and language029

through effective multimodal alignment (Radford030

et al., 2021; Li et al., 2022, 2023a; Liu et al., 2023b;031

Chen et al., 2024b; Bai et al., 2023; Wang et al.,032

2024b). These models have achieved significant033

success across diverse applications including vi-034

sual question answering (VQA) and image cap-035

tioning. However, a persistent challenge remains:036

LVLMs often generate text that is not consistent037

with the visual content of the input image, known038

as hallucination (Li et al., 2023b; Rohrbach et al.,039

2018; Huang et al., 2024a; Guan et al., 2024). This040

phenomenon can cause serious risks in critical ap-041

plications, including medical diagnosis (Liu et al.,042

Figure 1: Analyzing information flow through trans-
former layers. Attention consistently aggregates visual
evidence, while FFN at critical layers (16–22) intro-
duces language priors that can override visual evidence.

2024c), autonomous driving (Cui et al., 2023), and 043

embodied agents (Driess et al., 2023), where preci- 044

sion and reliability are essential. 045

Recent research on mitigating hallucinations can 046

be divided into two categories. Training-based 047

approaches employ instruction tuning (Liu et al., 048

2023a), RLHF (Sun et al., 2024a) or DPO (Zhao 049

et al., 2023) to reduce hallucinations at the source, 050

but they require expensive data collection and 051

retraining. Training-free methods intervene dur- 052

ing inference without modifying model parame- 053

ters. Attention modification approaches (Liu et al., 054

2024d; Huang et al., 2024b) amplify visual token 055

weights to enhance visual grounding. Layer-wise 056
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Figure 2: Overview of our approach. Left: LVLMs suffer from hallucinations where language priors override visual
evidence, causing prediction drift from correct to incorrect outputs. Middle: Our mechanistic analysis reveals that
attention modules aggregate visual evidence toward correct answers, while FFN modules at critical layers introduce
language priors that can override visual evidence. Right: FADE attenuates FFN outputs at critical layers to suppress
language priors while preserving visual evidence, enabling training-free hallucination mitigation.

intervention methods (Chuang et al., 2024; Wang057

et al., 2025) exploit cross-layer differences to im-058

prove output quality. Contrastive decoding meth-059

ods (Leng et al., 2024; Manevich and Tsarfaty,060

2024) attribute hallucination to the dominance of061

language priors over visual inputs and attempt to062

suppress this dominance by contrasting output dis-063

tributions. However, these methods operate at the064

output level without understanding where language065

priors originate within the model. Understanding066

this origin is crucial for developing more targeted067

and efficient solutions.068

In this work, we investigate the mechanistic ori-069

gin of language dominance. We decompose trans-070

former computations into attention and FFN contri-071

butions using the residual stream perspective (El-072

hage et al., 2021), and measure their effects on073

predictions through logit lens projections (Geva074

et al., 2022; Belrose et al., 2023). As illustrated in075

Figure 1, our analysis reveals two key findings: (1)076

Attention Aggregates Visual Evidence. Attention077

mechanisms consistently aggregate visual features078

to generate correct predictions. (2) FFN Introduces079

Language priors. FFN modules at critical layers act080

as the source of language priors that can override081

visual evidence, causing hallucinations.082

Based on this insight, we propose FADE (FFN 083

Attenuation for DEcoding), a training-free method 084

that attenuates FFN outputs at critical layers to re- 085

duce language dominance (Figure 2). By weaken- 086

ing FFN contributions, FADE preserves the visual 087

evidence while suppressing the language priors that 088

cause hallucination. Unlike contrastive decoding 089

methods, FADE operates within a single pass with 090

minimal overhead. 091

Our contributions can be summarized as follows: 092

• We conduct a mechanistic analysis revealing 093

the origin of language priors dominance in 094

LVLMs: attention aggregates visual evidence, 095

while FFN at critical layers acts as the source 096

of language priors that can override it. 097

• We propose FADE, a training-free method that 098

attenuates FFN outputs at critical layers to 099

reduce language dominance while preserving 100

visual evidence. 101

• Extensive experiments on POPE and CHAIR 102

benchmarks across LLaVA-1.5, mPLUG- 103

Owl2, InstructBLIP and Qwen-VL demon- 104

strate that FADE effectively mitigates hal- 105

lucinations while maintaining inference effi- 106

ciency. 107
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2 Related Work108

2.1 Large Vision-Language Models109

Large Vision-Language Models (LVLMs) have110

evolved from early BERT-based decoders (Chen111

et al., 2020; Li et al., 2020; Zhang et al., 2021;112

Li et al., 2021; Wang et al., 2022; Li et al., 2022)113

designed to integrate visual and textual informa-114

tion into a paradigm driven by large language mod-115

els (LLMs) (Touvron et al., 2023a,b; Jiang et al.,116

2023; Dubey et al., 2024; Yang et al., 2024). The117

emergence of LLMs has sustainably enhanced the118

capabilities and performance of LVLMs. In this119

process, supported by end-to-end training tech-120

niques (Alayrac et al., 2022; Dai et al., 2023),121

LVLMs have achieved unified decoding of visual122

and textual tokens, indicating that both their ex-123

pressiveness and adaptability have significantly124

improved. Recent works, such as LLaVA (Liu125

et al., 2023b,a, 2024b) and InstructBLIP (Dai et al.,126

2023), have further refined these models through127

visual instruction tuning, enhancing their perfor-128

mance in various vision-language tasks. More re-129

cently, models such as the Qwen-VL series (Bai130

et al., 2023; Wang et al., 2024b) and InternVL se-131

ries (Chen et al., 2024b,a) have further scaled up132

through improved alignment strategies and large-133

scale joint training.134

2.2 Hallucination Mitigation in LVLMs135

Hallucination in LVLMs refers to generating con-136

tent that is linguistically plausible but inconsistent137

with visual input (Rohrbach et al., 2018; Li et al.,138

2023b). Training-based approaches involve addi-139

tional training to align models with ground truth, in-140

cluding robust instruction tuning (Liu et al., 2024a),141

post-hoc revision (Zhou et al., 2024), reinforce-142

ment learning from human feedback (Yu et al.,143

2024), and direct preference optimization (Zhao144

et al., 2023; Wang et al., 2024a). While effective,145

these methods suffer from extensive training costs146

and data requirements.147

In contrast, training-free methods can be ap-148

plied directly during inference without modifying149

model parameters. Attention-based methods mod-150

ify attention patterns to enhance visual grounding.151

PAI (Liu et al., 2024d) amplifies attention weights152

on image tokens to prioritize visual information153

during generation. Other approaches penalize over-154

trust on summary tokens (Huang et al., 2024b) or155

fuse global-local attention features (An et al., 2025;156

Qian et al., 2025). Contrastive decoding methods157

suppress hallucinated content by contrasting out- 158

put distributions. VCD, LCD (Leng et al., 2024; 159

Manevich and Tsarfaty, 2024) suppresses language 160

priors via output contrast. Similar strategies have 161

been applied at the instruction level (Wang et al., 162

2024c) or using self-generated descriptions (Kim 163

et al., 2024). Layer-wise intervention methods 164

exploit the hierarchical structure of transformers. 165

DAMO (Wang et al., 2025) accumulates activation 166

momentum across layers to stabilize predictions. 167

Related approaches contrast logits from different 168

layers (Chuang et al., 2024) or aggregate repre- 169

sentations to enforce inter-layer consistency (Huo 170

et al., 2025; Li et al., 2025a; Tang et al., 2025). Rep- 171

resentation engineering methods directly manip- 172

ulate hidden representations using pre-computed 173

steering vectors. VISTA (Li et al., 2025b) intro- 174

duces visual steering vectors combined with self- 175

logits augmentation from early layers. VTI (Liu 176

et al., 2025) applies intervention vectors computed 177

via PCA on contrastive pairs, while FlexAC (Yuan 178

et al., 2025) controls associative reasoning through 179

middle-layer representations. 180

Our work takes a mechanistic perspective, in- 181

vestigating where language priors originate within 182

the model. We propose FADE (FFN Attenuation 183

for DEcoding), which attenuates FFN outputs at 184

critical layers to reduce language priors dominance. 185

3 Method 186

3.1 Preliminaries 187

A transformer-based LVLM processes inputs 188

through L decoder layers. Each layer l applies 189

attention and FFN with residual connections: 190

h̃(l) = h(l) +Attn(l)(h(l)) (1) 191

h(l+1) = h̃(l) + FFN(l)(h̃(l)) (2) 192

From the residual stream perspective (Elhage et al., 193

2021), attention aggregates information across po- 194

sitions while FFN performs per-position transfor- 195

mations. Priors work shows FFN layers function 196

as key-value memories storing factual knowledge 197

(Geva et al., 2021; Meng et al., 2022). 198

3.2 Motivation: Prediction Drift in LVLMs 199

We begin by examining how predictions evolve 200

across layers in LVLMs. Using logit lens projec- 201

tions on LLaVA-1.5-7B, we track the probability 202

of correct answer tokens at each layer for samples 203

from POPE-Adversarial. 204
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Figure 3 reveals a striking pattern: for halluci-205

nated samples, predictions drift from high to low206

P(Correct Answer) in later layers, while correct207

samples maintain stable high probability through-208

out. This observation raises a critical question:209

what causes this prediction drift? We address this210

through mechanistic analysis in the following sec-211

tions.212

0 5 10 15 20 25 30
Layer

0.0

0.2

0.4

0.6

0.8

1.0

P(
C

or
re

ct
 A

ns
w

er
)

Hallucinated
Correct
Critical Layers

Figure 3: P(Correct Answer) trajectories across lay-
ers for hallucinated (red, dashed) and correct (green,
solid) samples. Correct samples maintain high probabil-
ity throughout, while hallucinated samples drift to low
probability in later layers. The shaded region indicates
critical layers (16–22).

3.3 Mechanistic Analysis213

To understand what causes the prediction drift ob-214

served in Figure 3, we decompose the contributions215

of attention and FFN modules at each layer. We216

analyze LLaVA-1.5-7B on 50 samples from POPE-217

Adversarial.218

Contribution Analysis. To measure each com-219

ponent’s contribution, we use a differential logit220

lens approach. For attention at layer l:221

∆
(l)
Attn(t) = LMhead(h̃

(l))t − LMhead(h
(l))t (3)222

where t is the target token. We compute ∆
(l)
FFN223

analogously. This differential approach accounts224

for the nonlinearity of layer normalization.225

Correct-Direction Metric. To enable compari-226

son across samples with different ground truths, we227

define a correct-direction metric:228

C(l) = ∆(l)(tcorrect)−∆(l)(tincorrect) (4)229

Under this metric, C(l) > 0 indicates the com-230

ponent pushes toward the correct answer, while231

C(l) < 0 indicates it pushes toward the wrong an-232

swer.233

Prediction Attn FFNtotal FFN16-22 FFNL18

Correct (n=40) +1.2 +1.7 +8.4 +6.0
Wrong (n=10) +0.8 −2.0 −3.5 −2.4

Table 1: Mean contributions toward correct answer
(correct-direction metric). Values are summed across
layers and averaged across samples. Positive values
indicate pushing toward ground truth. FFN at layers
16–22 shows the largest difference between correct and
wrong predictions.

OBS-1: Attention Aggregates Visual Evidence. 234

Attention contributions are positive and compara- 235

ble for both correct (+1.2) and hallucinated (+0.8) 236

samples (Table 1). This indicates that attention con- 237

sistently aggregates visual features toward correct 238

predictions across all samples. 239

OBS-2: FFN Introduces Language priors. In 240

contrast, FFN at layers 16–22 shows a striking 241

difference: +8.4 for correct predictions and −3.5 242

for wrong predictions. For correct samples, FFN 243

reinforces the prediction; for hallucinated samples, 244

FFN actively pushes toward the wrong answer. We 245

identify FFN as the source of language priors— 246

when these priors conflict with visual evidence, 247

they can override attention’s correct predictions. 248

This directly explains the drift in Figure 3: at- 249

tention establishes correct predictions in intermedi- 250

ate layers, but language priors from FFN at layers 251

16–22 override the visual evidence, causing the 252

prediction to drift toward incorrect outputs. 253

3.4 FADE: FFN Attenuation for Decoding 254

Based on our analysis, we propose FADE, which 255

attenuates FFN outputs at critical layers to reduce 256

language dominance: 257

h(l+1) = h̃(l) + (1− α) · FFN(l)(h̃(l)) (5) 258

where h̃(l) is the post-attention hidden state and 259

α ∈ [0, 1] is the attenuation strength. FADE is 260

applied at layers 16–22 with α = 0.5 by default. 261

The method is training-free, requires no additional 262

parameters, and introduces negligible overhead. By 263

reducing FFN contributions, FADE suppresses lan- 264

guage priors while preserving visual evidence ag- 265

gregated by attention. 266

4 Experiments 267

4.1 Experimental Setup 268

Models. We evaluate FADE on three repre- 269

sentative LVLMs spanning diverse architectures: 270

LLaVA-1.5-7B (Liu et al., 2023a), which uses 271
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Table 2: POPE benchmark results across three VLMs. We evaluate across three sampling strategies (Random,
Popular, Adversarial) and three datasets (MSCOCO, A-OKVQA, GQA). Best results are in bold, second best are
underlined.

LLaVA-1.5-7B mPLUG-Owl2-7B InstructBLIP-7B

MSCOCO A-OKVQA GQA MSCOCO A-OKVQA GQA MSCOCO A-OKVQA GQA

Setting Method Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

R
an

do
m

Greedy 88.5 87.3 91.0 90.7 89.3 89.0 88.2 87.4 88.5 88.4 86.9 86.1 87.2 85.8 88.6 88.4 87.4 87.1
PAI ECCV’24 88.5 87.4 91.0 90.7 89.2 88.8 88.5 87.8 88.4 88.2 86.6 85.7 69.0 73.1 66.2 71.8 64.4 70.6
VCD CVPR’24 89.9 90.0 88.5 89.4 88.1 89.0 87.9 88.1 85.0 85.9 85.2 85.6 89.1 88.6 87.1 87.7 86.3 87.0
DAMO ICLR’25 86.4 84.6 89.0 88.2 86.4 85.2 87.9 87.0 88.6 88.4 86.2 85.2 88.2 88.1 83.7 85.2 84.4 85.8
VISTA ICML’25 88.8 87.8 91.4 91.3 90.0 89.8 88.2 87.4 88.5 88.4 86.7 85.8 88.0 86.9 88.5 88.6 87.7 87.8
FADE 89.2 88.3 91.2 91.1 89.8 89.7 88.5 87.8 88.6 88.5 87.0 86.2 84.9 83.7 82.1 83.1 80.3 81.3

Po
pu

la
r

Greedy 87.2 86.1 87.6 87.6 84.5 84.7 86.2 85.5 84.6 85.0 80.0 80.2 84.8 83.6 81.3 82.2 77.1 78.8
PAI ECCV’24 87.4 86.3 87.8 87.8 84.5 84.7 86.4 85.9 84.6 85.0 79.9 80.0 65.0 70.6 59.2 66.8 55.7 65.9
VCD CVPR’24 86.6 87.1 82.3 84.5 76.6 80.4 83.6 84.4 81.2 82.9 77.5 79.4 85.2 85.2 79.9 82.0 77.1 80.0
DAMO ICLR’25 85.4 83.7 87.2 86.6 84.2 83.2 86.4 85.6 84.9 85.2 80.2 80.0 82.4 83.3 74.7 78.8 71.5 76.8
VISTA ICML’25 87.4 86.5 86.6 87.1 83.2 84.1 86.2 85.6 84.7 85.1 80.0 80.1 85.5 84.6 80.3 81.9 75.8 78.5
FADE 87.7 86.9 87.0 87.4 84.1 84.8 86.4 85.9 84.5 85.1 79.9 80.2 84.9 83.7 82.1 83.1 80.3 81.3

A
dv

er
sa

ri
al

Greedy 85.1 84.2 80.4 81.8 81.5 82.3 84.0 83.6 77.6 79.7 78.5 79.0 83.0 82.0 74.6 77.3 75.1 77.3
PAI ECCV’24 85.3 84.3 80.7 81.9 81.5 82.2 84.2 83.9 77.7 79.7 78.4 78.8 62.8 69.3 55.7 63.0 55.4 65.7
VCD CVPR’24 81.2 82.7 73.3 78.4 72.0 77.5 79.9 81.6 73.7 77.9 75.0 77.9 82.0 82.5 72.0 76.6 72.9 77.2
DAMO ICLR’25 83.9 82.3 82.1 82.2 81.4 80.8 84.2 83.6 78.2 80.0 78.6 78.7 79.4 81.0 67.3 74.2 68.1 74.7
VISTA ICML’25 85.2 84.5 79.2 81.2 80.4 81.9 84.0 83.6 77.7 79.7 78.5 78.9 83.0 82.5 73.3 76.9 73.6 76.9
FADE 85.2 84.6 79.5 81.4 81.1 82.5 84.2 83.9 77.4 79.7 78.3 79.0 84.9 83.7 82.1 83.1 80.3 81.3

a two-stage training with visual instruction tun-272

ing; mPLUG-Owl2-7B (Ye et al., 2024), which273

employs modality-adaptive modules for vision-274

language alignment; and InstructBLIP-7B (Dai275

et al., 2023), which introduces instruction-aware276

visual feature extraction via Q-Former. This selec-277

tion covers the major LVLM design paradigms and278

enables comprehensive evaluation of our method’s279

generalizability.280

Benchmarks. We adopt three widely-used bench-281

marks: POPE (Li et al., 2023b) probes object hal-282

lucination via binary (Yes/No) questions across283

three sampling strategies (Random, Popular, Ad-284

versarial) on MSCOCO, A-OKVQA, and GQA;285

CHAIR (Rohrbach et al., 2018) measures halluci-286

nation in image captioning, where CHAIRS and287

CHAIRI denote sentence-level and instance-level288

hallucination rates (lower is better) and Recall mea-289

sures coverage (higher is better); MME (Fu et al.,290

2023) evaluates perception and cognition across291

14 subtasks, and we report the perception score292

focusing on existence, count, position, and color.293

Baselines. We compare against representa-294

tive training-free methods from each category:295

PAI (Liu et al., 2024d) amplifies attention on image296

tokens; VCD (Leng et al., 2024) contrasts outputs297

from original and distorted images; DAMO (Wang298

et al., 2025) applies momentum-based activation 299

stabilization; and VISTA (Li et al., 2025b) steers 300

representations using pre-computed visual vectors. 301

All baselines use official implementations with rec- 302

ommended hyperparameters. 303

Implementation. All experiments use greedy de- 304

coding on 8 NVIDIA H100 80GB GPUs. For 305

FADE, we set attenuation strength α = 0.6 and in- 306

tervene at layer 18 for LLaVA-1.5; model-specific 307

configurations and all baseline hyperparameters are 308

provided in Appendix A. 309

4.2 Main Results 310

4.2.1 Results on POPE 311

Table 2 presents results under random, popular, 312

and adversarial settings. FADE consistently out- 313

performs baseline methods across both LLaVA- 314

1.5 and mPLUG-Owl2, achieving 82.5% F1 on 315

LLaVA-1.5 and 79.0% on mPLUG-Owl2 under 316

the challenging adversarial setting on GQA. On 317

LLaVA-1.5, FADE surpasses VCD by 5.0% F1 and 318

DAMO by 1.7% F1 on the GQA adversarial sub- 319

set. Notably, VCD shows limited generalization 320

with severe degradation on GQA (72.0% accuracy 321

under adversarial), likely because its contrastive 322

decoding with noisy images disrupts fine-grained 323

spatial reasoning required for GQA’s scene graph 324

questions. 325

5



Table 3: CHAIR benchmark results across three VLMs. CS /CI : sentence/instance-level hallucination rates (lower is
better). Rec: recall (higher is better). Best results are in bold, second best are underlined.

LLaVA-1.5-7B mPLUG-Owl2-7B InstructBLIP-7B

Method CS↓ CI↓ Rec↑ Len CS↓ CI↓ Rec↑ Len CS↓ CI↓ Rec↑ Len

Greedy 49.8 14.8 80.6 101.2 57.8 17.1 78.6 105.6 63.4 38.5 73.7 101.6
PAI ECCV’24 35.6 9.8 74.8 107.6 57.4 14.5 79.7 105.7 48.6 37.9 58.1 68.8
VCD CVPR’24 58.6 16.5 82.1 105.5 64.4 18.1 77.9 110.4 57.2 40.1 63.5 87.8
DAMO ICLR’25 56.6 16.7 81.6 106.7 58.6 17.5 77.3 106.4 65.6 39.5 73.5 104.7
VISTA ICML’25 19.2 6.5 62.6 86.2 69.8 42.1 78.7 105.5 54.0 41.3 60.4 85.6
FADE 46.6 14.1 78.7 98.6 55.0 16.6 76.3 105.4 49.2 14.0 72.9 99.8

DAMO and VISTA improve over greedy de-326

coding but exhibit inconsistent behavior—DAMO327

gains on A-OKVQA but plateaus on GQA, while328

VISTA shows marginal improvements that do not329

consistently exceed the baseline across all settings.330

4.2.2 Results on CHAIR331

Table 3 reports image captioning results. Among332

existing methods, we observe a clear accuracy-333

coverage trade-off: VISTA achieves the lowest334

CHAIRS (19.2%) on LLaVA-1.5 but sacrifices Re-335

call significantly (62.6% vs. 80.6% for greedy), in-336

dicating over-aggressive suppression of generation.337

Conversely, VCD and DAMO increase hallucina-338

tion rates on most models—VCD raises CHAIRS339

from 49.8% to 58.6% on LLaVA-1.5, suggesting340

that their uniform intervention strategies disrupt341

fluent generation.342

FADE demonstrates consistent improvements343

across all three models. On mPLUG-Owl2, FADE344

achieves the lowest CHAIRS (55.0%) among all345

methods. Most notably, on InstructBLIP, FADE346

dramatically reduces instance-level hallucination347

with CHAIRI=14.0%, compared to 37.9% for PAI348

and 38.5% for greedy—a 2.7× reduction while349

maintaining competitive Recall (72.9%). This sug-350

gests that FFN attenuation is particularly effective351

for models with Q-Former-based visual encoding.352

4.2.3 Results on MME353

Table 5 reports MME perception scores across 10354

subtasks. On LLaVA-1.5, FADE achieves 1519.0355

total perception score, improving over greedy de-356

coding (1505.7) by +13.3 points and outperforming357

all baselines including PAI (1508.9). The improve-358

ment is particularly notable on counting (+5.0 over359

greedy) and celebrity recognition (+1.7), subtasks360

that require precise object grounding. Interestingly,361

different methods show architecture-dependent362

behavior: PAI improves LLaVA-1.5 (+3.2) but363

Table 4: MMHal-Bench results on LLaVA-1.5-7B.
Scores range 0-4 (higher is better). GPT-4 evaluates
both hallucination rate and informativeness.

Method Attr. Adv. Affd. Count Spat. Scene OCR Celeb. Overall

Greedy 2.25 1.33 2.92 1.75 1.92 3.25 1.58 1.42 2.05
PAI 1.83 0.75 2.33 2.00 1.92 2.17 1.25 2.42 1.83
VCD 1.83 0.83 1.83 1.17 1.67 4.17 1.58 2.25 1.92
DAMO 2.58 1.33 3.00 1.75 1.92 3.42 1.17 1.42 2.07
FADE 2.42 1.25 2.83 1.75 2.08 3.25 1.42 1.75 2.09

slightly degrades mPLUG-Owl2 (−15.6), while 364

DAMO gains significantly on mPLUG-Owl2’s 365

counting subtask (+10.0) but loses on LLaVA-1.5 366

(−6.7). This architecture sensitivity suggests that 367

attention-based and contrastive methods may inter- 368

act differently with each model’s vision-language 369

alignment mechanism. FADE’s FFN-level inter- 370

vention provides a more architecture-agnostic ap- 371

proach by targeting the representation drift phe- 372

nomenon that is common across transformer-based 373

LVLMs. 374

4.2.4 Results on MMHal-Bench 375

We further evaluate on MMHal-Bench, where GPT- 376

4 judges open-ended responses across eight ques- 377

tion categories including object attributes, count- 378

ing, spatial relations, and environment descrip- 379

tion. This benchmark tests whether hallucination 380

mitigation methods can generalize beyond binary 381

Yes/No questions to free-form generation. priors 382

work (Sun et al., 2024b) shows that methods ef- 383

fective on POPE may not transfer to open-ended 384

settings, as the generation dynamics differ signifi- 385

cantly. Table 4 shows that the relative ranking of 386

methods is largely consistent with POPE, though 387

the absolute improvements are more modest due to 388

the increased task complexity. 389

4.3 Efficiency Study 390

We analyze FADE’s computational efficiency com- 391

pared to existing methods. 392
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Table 5: MME perception scores across 10 subtasks on LLaVA-1.5-7B and mPLUG-Owl2-7B. Higher is better.
Bold: best per model. Underline: second best.

Model Method Exist. Count Pos. Color Poster Celeb. Scene Land. Art OCR Total

L
L

aV
A

-1
.5

Greedy 190.0 155.0 128.3 170.0 147.6 136.8 158.0 163.0 119.5 137.5 1505.7
PAI ECCV’24 190.0 155.0 133.3 170.0 145.6 136.5 157.8 163.0 117.8 140.0 1508.9
VISTA ICML’25 190.0 150.0 133.3 165.0 144.6 134.4 156.0 163.3 115.0 125.0 1476.6
DAMO ICLR’25 190.0 148.3 133.3 160.0 136.4 131.8 159.0 162.0 113.5 140.0 1474.3
FADE 190.0 160.0 133.3 170.0 147.6 138.5 158.0 163.8 120.3 137.5 1519.0

m
PL

U
G

-O
w

l2 Greedy 185.0 160.0 85.0 150.0 160.2 163.5 152.8 163.3 137.3 102.5 1459.5
PAI ECCV’24 185.0 155.0 81.7 145.0 158.2 163.8 154.0 160.3 138.5 102.5 1443.9
VISTA ICML’25 185.0 155.0 80.0 150.0 158.2 161.8 153.5 159.5 140.5 102.5 1445.9
DAMO ICLR’25 185.0 170.0 78.3 150.0 164.6 160.9 156.0 170.5 130.5 95.0 1460.8
FADE 185.0 160.0 85.0 155.0 160.2 163.5 153.5 161.8 137.3 102.5 1463.7

Table 6 compares inference efficiency. FADE393

adds only 3% latency overhead compared to greedy394

decoding (122ms vs 118ms), while achieving sig-395

nificant speedups over all comparison methods:396

19% faster than DAMO, 34% faster than PAI, 57%397

faster than VCD, and 73% faster than VISTA. VCD398

requires a second forward pass with distorted im-399

ages, resulting in 2.4× total latency. VISTA incurs400

the highest overhead (3.9×) due to steering vector401

computation during inference. FADE’s efficiency402

stems from: (1) FFN attenuation requiring only403

element-wise scaling at a single layer, not addi-404

tional forward passes; and (2) no memory overhead405

(14.5 GB, identical to greedy decoding).406

Table 6: Inference efficiency comparison on LLaVA-
1.5-7B. Measured on POPE (500 samples) with H100
GPU.

Method Prefill Decode Latency Memory
(ms/tok) (ms/tok) (ms) (GB)

Greedy 0.08 67.72 118 14.5
VCD CVPR’24 0.15 188.47 285 14.0
PAI ECCV’24 0.11 111.71 184 14.5
DAMO ICLR’25 0.10 88.24 150 14.6
VISTA ICML’25 0.34 239.28 459 14.5
FADE 0.08 70.86 122 14.5

4.4 Case Study407

Figure 4 presents qualitative examples demonstrat-408

ing FADE’s effectiveness in correcting hallucina-409

tions. In Case 1, when asked which cat opens its410

mouth, greedy decoding incorrectly answers “the411

middle cat,” while FADE correctly identifies “the412

cat on the right.” This illustrates FADE’s ability to413

correct spatial reasoning errors caused by language414

priors dominance.415

In Case 2, greedy decoding hallucinates a dog in416

a skiing scene where no animal is present, respond-417

ing “Yes, there is a dog running beside the skier.”418

FADE correctly answers “No, there is no dog in this 419

image,” demonstrating its effectiveness in suppress- 420

ing object hallucinations. These examples illustrate 421

how FFN attenuation reduces language priors dom- 422

inance, enabling more visually grounded responses. 423

Figure 4: Qualitative comparison of hallucination cor-
rection. Case Study 1: Greedy decoding incorrectly
identifies which cat opens its mouth, while FADE pro-
vides the correct answer. Case Study 2: Greedy decod-
ing hallucinates a non-existent dog in the skiing scene,
while FADE correctly denies its presence.

424

4.5 Ablation Study 425

We conduct ablations on POPE to analyze hyperpa- 426

rameter sensitivity across different model architec- 427

tures. 428

Strength Sensitivity. We vary attenuation 429

strength α from 0.1 to 0.8 on POPE (Figure 5a, 430

5c). For LLaVA-1.5, FADE achieves optimal per- 431

formance at α=0.6 with F1 variation within 0.3% 432

across [0.55, 0.7]. mPLUG-Owl2 shows similar 433

patterns with optimal α=0.5–0.7, demonstrating 434

consistent behavior across architectures. 435

Layer Selection. We test intervention layers 14– 436

22 on POPE (Figure 5b, 5d). Both models show 437
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(b) LLaVA-1.5: Layer sensitivity
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(c) mPLUG-Owl2: Strength sensitivity
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(d) mPLUG-Owl2: Layer sensitivity

Figure 5: Ablation study on POPE benchmark. (a)(c) Strength sensitivity: optimal range is [0.5, 0.7] for both
models. (b)(d) Layer sensitivity: Layer 18 achieves the best trade-off across architectures. Shaded regions indicate
the recommended hyperparameter ranges.

Layer 18 as optimal, consistent with our analysis438

that mid-to-late layers exhibit the highest direc-439

tional drift. Notably, mPLUG-Owl2 shows more440

dataset-dependent variation: A-OKVQA prefers441

earlier layers (14, 20) while COCO/GQA favor442

Layer 18.443

Task-Specific Tuning. Different tasks require444

dramatically different hyperparameters: MME op-445

timal α=0.02 versus 0.6 for POPE—a 30× differ-446

ence (see Appendix B). CHAIR exhibits the oppo-447

site pattern, preferring stronger attenuation (α=1.0)448

at later layers (Layer 20). These findings suggest449

that discriminative tasks (POPE) and diverse rea-450

soning tasks (MME) have different tolerance to451

FFN intervention, informing practical deployment452

strategies.453

5 Conclusion454

We presented a mechanistic perspective on LVLM455

hallucination, investigating the origin of language456

priors dominance during inference. Our analy-457

sis reveals that while attention consistently aggre-458

gates visual features toward correct predictions,459

FFN modules at critical layers (16–22) act as the460

source of language priors that can override visual461

evidence and cause hallucination. Based on this462

insight, we introduced FADE (FFN Attenuation for 463

DEcoding), a training-free method that attenuates 464

FFN outputs at critical layers to reduce language 465

dominance while preserving visual evidence. Un- 466

like contrastive decoding methods that require ad- 467

ditional forward passes, FADE operates within a 468

single pass with minimal overhead. Experiments 469

across LLaVA-1.5, mPLUG-Owl2, and Instruct- 470

BLIP on POPE, CHAIR, and MME benchmarks 471

demonstrate that FADE effectively mitigates hal- 472

lucinations while maintaining inference efficiency. 473

Our work opens new directions for understanding 474

the mechanistic origins of hallucination in multi- 475

modal generation. 476

Limitations 477

Our work has several limitations. First, we 478

only evaluate FADE on 7B-scale models; ex- 479

tending to larger-scale models would strengthen 480

generalizability. Second, our experiments fo- 481

cus on hallucination-specific benchmarks (POPE 482

and CHAIR); evaluation on general-purpose VQA 483

benchmarks could provide broader insights. Third, 484

the critical layer selection is fixed and sensitive to 485

model architecture; exploring adaptive layer selec- 486

tion methods is a promising direction for future 487

work. 488
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A Detailed Experimental Settings825

A.1 Model Descriptions826

LLaVA-1.5 (Liu et al., 2023a). An improved ver-827

sion of LLaVA that achieves strong performance828

through simple architectural modifications and bet-829

ter training recipes. It uses a two-stage training pro-830

cess with visual instruction tuning on high-quality831

data.832

InstructBLIP (Dai et al., 2023). A vision-833

language model that leverages instruction tuning on834

top of the BLIP-2 architecture. It uses a Q-Former835

to bridge frozen image encoders and LLMs with836

instruction-aware visual feature extraction.837

mPLUG-Owl2 (Ye et al., 2024). Introduces838

modality collaboration through a shared module839

that enables better interaction between visual and840

textual modalities, achieving strong performance841

on various multimodal benchmarks.842

A.2 Benchmark Descriptions843

POPE (Li et al., 2023b). The Polling-based844

Object Probing Evaluation is designed to evalu-845

ate object hallucination in LVLMs. It contains846

27,000 Yes/No questions about object existence847

in MSCOCO images, where the task is to judge848

whether the given object is present in the image.849

The benchmark includes three sampling strategies:850

random, popular, and adversarial. We compute851

accuracy, precision, recall, and F1 score for com-852

prehensive evaluation.853

CHAIR (Rohrbach et al., 2018). Caption Hallu-854

cination Assessment with Image Relevance quan-855

tifies object hallucinations in image captions856

by comparing generated objects to ground-truth857

annotations. We randomly select 500 images858

from the MSCOCO dataset and use three met-859

rics: CHAIRI (instance-level hallucination rate),860

CHAIRS (sentence-level hallucination rate), and861

Recall (coverage of ground-truth objects).862

MMHal-Bench (Sun et al., 2024b). This bench-863

mark evaluates LVLMs beyond simple object hallu-864

cination and contains eight diverse question types:865

object attributes, adversarial objects, comparisons,866

counting, spatial relations, environment, holistic867

description, and others. We evaluate both the hal-868

lucination rate and response informativeness using869

GPT-4 as the judge.870

MME (Fu et al., 2023). A comprehensive eval- 871

uation benchmark covering both perception and 872

cognition abilities across 14 subtasks. The percep- 873

tion tasks include existence, count, position, color, 874

poster, celebrity, scene, landmark, artwork, and 875

OCR. The cognition tasks cover commonsense rea- 876

soning, numerical calculation, text translation, and 877

code reasoning. 878

A.3 Comparison Method Descriptions 879

PAI (Liu et al., 2024d). Pays more attention to 880

image tokens by amplifying the attention weights 881

on visual features during decoding, ensuring that 882

generated content is more grounded in the actual 883

image content. 884

VCD (Leng et al., 2024). Visual Contrastive De- 885

coding contrasts the output logits from original vi- 886

sual inputs with those from distorted visual inputs 887

(e.g., Gaussian noise), suppressing hallucinated 888

content that appears regardless of visual quality. 889

DAMO (Wang et al., 2025). Applies momentum- 890

based activation stabilization to reduce hallucina- 891

tion by smoothing hidden state transitions during 892

autoregressive generation. 893

VISTA (Li et al., 2025b). Introduces visual steer- 894

ing vectors combined with self-logits augmentation. 895

It computes steering directions from contrastive 896

image pairs and applies them during decoding to 897

enhance visual grounding. 898

A.4 Implementation Details 899

All experiments are conducted on 8 NVIDIA H100 900

80GB GPUs. We use greedy decoding (tempera- 901

ture=0) for all methods to ensure reproducibility. 902

The detailed hyperparameters for each comparison 903

method are listed in Table 7. 904

For our method FADE, we use the following 905

hyperparameters: 906

Note: MME requires significantly smaller at- 907

tenuation strength (α=0.02–0.05) compared to 908

POPE/CHAIR (α=0.5–0.7), as shown in Section B. 909

This is because MME’s diverse question types are 910

more sensitive to FFN modifications. 911

B Detailed Ablation Study 912

We provide comprehensive ablation analysis on the 913

FFN attenuation strength (α) and layer selection 914

on POPE benchmark across three datasets (COCO, 915

GQA, A-OKVQA). 916
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Table 7: Hyperparameter settings for comparison meth-
ods. All hyperparameters follow the official implemen-
tations.

Method Parameter Value

PAI

α (attention amplification) 0.5
γ (CFG guidance scale) 1.1
CFG enabled True
Start/End layer 2 / 32

VCD

α (contrastive weight) 1.0
β (plausibility threshold) 0.1
Noise step (POPE) 999
Noise step (CHAIR) 500

DAMO

α (exponential decay) 0.7
β1 (current hidden weight) 0.20
β2 (aggregated hidden weight) 0.40
τ (similarity threshold) -0.30

VISTA

vsv-λ (POPE) 0.01
vsv-λ (CHAIR) 0.17
SLA α 0.3
SLA layers 25, 30

Table 8: Hyperparameter settings for FADE across dif-
ferent models.

Model Strength α Layer Task

LLaVA-1.5-7B
0.6 18 POPE
1.0 20 CHAIR
0.02 17 MME

mPLUG-Owl2-7B

0.5 18 POPE-COCO
0.7 18 POPE-GQA
0.5 14 POPE-A-OKVQA
0.6 20 CHAIR
0.05 1 MME

InstructBLIP-7B 0.5 14 POPE

B.1 Strength Ablation (Fixed at Layer 18)917

Table 9 shows the sensitivity analysis of the attenu-918

ation strength α while fixing the intervention layer919

at 18. We test 10 different strength values ranging920

from 0.1 to 0.8.921

Key Findings: The optimal strength range is 0.6–922

0.7, achieving +0.34% to +0.44% improvement923

over greedy baseline. Weaker attenuation (α<0.5)924

provides insufficient correction, while stronger at-925

tenuation (α>0.7) shows diminishing returns. The926

sweet spot at α=0.6 suggests that moderate FFN927

suppression is sufficient to mitigate directional928

noise without over-correcting.929

B.2 Layer Ablation (Fixed Strength at 0.5)930

Table 10 analyzes the impact of layer selection931

while fixing α=0.5. We test 8 layers around the932

critical region identified in our analysis (layers 14–933

22).934

Table 9: FFN attenuation strength ablation on POPE
benchmark. Layer is fixed at 18. F1 scores are averaged
across Random/Popular/Adversarial settings.

Strength COCO F1 GQA F1 A-OKVQA F1 Avg F1

0.1 85.98 85.52 86.66 86.05
0.2 86.01 85.61 86.62 86.08
0.3 86.20 85.67 86.59 86.15
0.4 86.21 85.63 86.67 86.17

0.45 86.33 85.61 86.68 86.21
0.5 86.45 85.64 86.57 86.22

0.55 86.47 85.65 86.67 86.26
0.6 86.61 85.68 86.64 86.31
0.7 86.62 85.56 86.56 86.25
0.8 86.59 85.55 86.52 86.22

Baseline: Greedy decoding achieves 85.97% average F1

Table 10: Layer selection ablation on POPE benchmark.
Attenuation strength is fixed at 0.5. F1 scores are aver-
aged across Random/Popular/Adversarial settings.

Layer COCO F1 GQA F1 A-OKVQA F1 Avg F1

14 86.19 85.70 86.71 86.20
15 85.41 85.34 86.95 85.90
16 86.05 85.49 86.55 86.03
17 85.19 85.13 86.99 85.77
18 86.45 85.64 86.57 86.22
19 85.83 85.18 86.60 85.87
20 85.63 85.26 86.92 85.94
21 86.10 85.62 86.54 86.09
22 85.87 85.10 86.78 85.92

Baseline: Greedy decoding achieves 85.97% average F1

Key Findings: Layer 18 consistently provides 935

the best results across all three datasets. Layers 936

15 and 17 show significant degradation, suggesting 937

these layers may serve different functional roles 938

where FFN outputs should not be attenuated. The 939

localized effectiveness around layer 18 validates 940

our mechanistic analysis that directional noise is 941

concentrated in specific critical layers rather than 942

distributed uniformly. 943

B.3 MME Ablation Results 944

Table 11 and Table 12 show ablation results on 945

MME Perception benchmark. Note that MME re- 946

quires much smaller attenuation strength compared 947

to POPE. 948

Key Findings: MME requires dramatically dif- 949

ferent hyperparameters compared to POPE: opti- 950

mal strength is 0.02–0.05 (vs 0.5–0.7 for POPE), 951

representing 2–5% attenuation vs 50–70%. This 952

10×–35× difference suggests that the diverse ques- 953

tion types in MME are more sensitive to FFN mod- 954

ification, requiring gentler intervention. Layer 17 955

is optimal for MME (vs Layer 18 for POPE), indi- 956

cating task-dependent critical layers. 957
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Table 11: MME Perception: Strength ablation with
Layer=18 fixed.

Strength Perception ∆ vs Baseline Cognition

0.01 1512.63 +6.91 363.21
0.02 1506.58 +0.86 363.21
0.03 1499.58 −6.14 367.50
0.04 1495.08 −10.64 368.21
0.05 1494.04 −11.68 360.71
0.1 1493.70 −12.02 363.57
0.2 1483.97 −21.75 355.71
0.3 1464.46 −41.26 328.21
0.5 1431.43 −74.29 290.71

Baseline: Greedy achieves 1505.72 Perception score

Table 12: MME Perception: Layer ablation with
Strength=0.02 fixed.

Layer Perception ∆ vs Baseline Cognition

14 1504.83 −0.89 348.21
15 1518.10 +12.38 355.71
16 1505.88 +0.16 360.00
17 1518.98 +13.26 348.21
18 1506.58 +0.86 363.21
19 1508.38 +2.66 363.21
21 1508.08 +2.36 357.86
22 1505.88 +0.16 355.71

Baseline: Greedy achieves 1505.72 Perception score

B.4 mPLUG-Owl2 Ablation on POPE958

We also conduct ablation studies on mPLUG-Owl2959

to validate the generalizability of our findings960

across different model architectures.961

Table 13: mPLUG-Owl2: FFN attenuation strength
ablation on POPE benchmark. Layer is fixed at 18.

Strength COCO F1 GQA F1 A-OKVQA F1 Avg F1

0.1 85.56 81.77 84.31 83.88
0.2 85.68 81.79 84.29 83.92
0.3 85.71 81.74 84.23 83.89
0.4 85.76 81.72 84.19 83.89
0.5 85.86 81.71 84.18 83.92
0.6 85.75 81.73 84.15 83.88
0.7 85.80 81.81 84.13 83.91
0.8 85.82 81.79 84.10 83.90

Baseline: Greedy decoding achieves 83.84% average F1

Key Findings for mPLUG-Owl2: Unlike962

LLaVA-1.5 which has a clear optimal configura-963

tion, mPLUG-Owl2 shows dataset-dependent op-964

timal hyperparameters: (1) COCO benefits most965

from Layer 18 with strength 0.5; (2) GQA achieves966

best results at Layer 18 with strength 0.7; (3) A-967

OKVQA prefers Layer 14 or 20 with strength 0.5.968

This suggests that different model architectures969

may have different critical layer distributions, and970

Table 14: mPLUG-Owl2: Layer selection ablation on
POPE benchmark. Attenuation strength is fixed at 0.5.

Layer COCO F1 GQA F1 A-OKVQA F1 Avg F1

14 85.75 81.68 84.42 83.95
15 85.60 81.80 84.29 83.90
16 85.78 81.68 84.24 83.90
17 85.41 81.60 84.39 83.80
18 85.86 81.71 84.18 83.92
19 85.57 81.59 84.32 83.83
20 85.38 81.68 84.46 83.84
21 85.69 81.63 84.21 83.85
22 85.55 81.65 84.31 83.84

Baseline: Greedy decoding achieves 83.84% average F1

dataset-specific tuning can further improve perfor- 971

mance. The overall improvement is more modest 972

(+0.08–0.11%) compared to LLaVA-1.5 (+0.34%), 973

indicating that mPLUG-Owl2’s modality collabo- 974

ration mechanism may already partially address the 975

directional noise issue. 976

B.5 mPLUG-Owl2 MME Ablation Results 977

Table 15 shows the MME ablation results for 978

mPLUG-Owl2, revealing notably different optimal 979

layers compared to POPE. 980

Table 15: mPLUG-Owl2: Best configurations per layer
on MME Perception benchmark.

Layer Best α Perception ∆ vs Baseline

1 0.05 1463.73 +4.25
7 0.02 1461.12 +1.64
8 0.028 1460.98 +1.50

10 0.2 1461.70 +2.22
14 0.01 1460.23 +0.75
17 0.01 1460.23 +0.75
18 0.005 1459.48 +0.00
20 0.005 1460.23 +0.75
28 0.02 1460.37 +0.89

Baseline: Greedy achieves 1459.48 Perception score

Key Findings for mPLUG-Owl2 on MME: 981

Unlike POPE where middle layers (14–20) are op- 982

timal, MME benefits most from early layer inter- 983

vention. Layer 1 with α=0.05 achieves the best 984

result (+4.25), followed by Layer 10 (+2.22) and 985

Layer 7 (+1.64). This suggests that for diverse 986

question types in MME, suppressing language pri- 987

ors at the earliest layers is most effective. Notably, 988

the optimal strength for early layers (0.02–0.05) is 989

higher than for middle layers (0.005–0.01). 990

B.6 InstructBLIP Ablation on POPE 991

We validate FADE’s effectiveness on InstructBLIP, 992

which uses a Q-Former architecture with 32 visual 993
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tokens (vs 576 for LLaVA). Table 16 shows the994

ablation results.995

Table 16: InstructBLIP: Best configurations on
POPE benchmark. Results averaged across Ran-
dom/Popular/Adversarial settings.

Layer Strength COCO F1 A-OKVQA F1 GQA F1 Avg F1

14 0.5 83.7 83.1 81.3 82.7
17 0.5 84.4 82.5 81.0 82.6

Baseline (Greedy): COCO=83.8, A-OKVQA=82.6, GQA=81.1, Avg=82.5

Key Findings for InstructBLIP: The optimal996

configuration is layer 14 with α=0.5, achieving997

modest improvement on A-OKVQA (+0.5% F1)998

and GQA (+0.2% F1). Layer 17 achieves slightly999

better COCO performance but worse on other1000

datasets. The smaller improvement compared to1001

LLaVA-1.5 suggests that InstructBLIP’s Q-Former1002

architecture may already provide some robustness1003

against hallucination through its learnable query-1004

based visual feature extraction. Notably, the op-1005

timal layer (14) is earlier than LLaVA’s optimal1006

layer (18), possibly due to architectural differences1007

in how visual information is integrated.1008

B.7 CHAIR Ablation Results1009

We provide comprehensive ablation analysis on1010

the CHAIR benchmark, which evaluates caption1011

hallucination through object-level metrics.1012

B.7.1 LLaVA-1.5 Layer Ablation on CHAIR1013

Table 17 shows the impact of layer selection1014

on CHAIR metrics while fixing the attenuation1015

strength at α=1.0. We test layers 10–22 to identify1016

the optimal intervention point.1017

Table 17: LLaVA-1.5: Layer ablation on CHAIR bench-
mark. Strength is fixed at α=1.0. CS /CI : lower is better.
Rec: higher is better.

Layer CS↓ CI↓ Rec↑ Len

10 49.4 14.83 80.23 91.9
11 58.0 18.30 83.17 95.4
12 58.2 17.96 83.05 101.0
13 57.4 16.57 81.70 97.7
14 57.8 16.37 82.02 98.5
15 57.0 17.85 82.73 99.5
16 60.0 17.67 81.13 103.5
17 53.4 15.60 81.00 101.9
18 54.0 16.96 79.14 101.4
19 51.2 15.35 79.40 100.0
20 46.6 14.08 78.69 98.6
21 48.2 14.01 79.46 100.5

Baseline (Greedy): CS=49.8, CI=14.8, Rec=80.6, Len=101.2

Key Findings: Layer 20 achieves the lowest hal-1018

lucination rates (CS=46.6, CI=14.08) with only a1019

modest decrease in recall (78.69 vs 80.6 baseline). 1020

Earlier layers (10–16) either provide insufficient 1021

correction or increase hallucination. This differs 1022

from POPE where layer 18 is optimal, suggest- 1023

ing that discriminative and generative tasks have 1024

slightly different critical layers. 1025

B.7.2 LLaVA-1.5 Strength Ablation on 1026

CHAIR 1027

Table 18 shows the sensitivity to attenuation 1028

strength while fixing the intervention at layer 20. 1029

Table 18: LLaVA-1.5: Strength ablation on CHAIR
benchmark. Layer is fixed at 20.

Strength α CS↓ CI↓ Rec↑ Len

0.1 51.2 14.94 80.23 101.2
0.2 51.6 14.89 79.85 101.0
0.3 51.0 15.18 79.72 100.3
0.4 50.4 14.76 79.91 100.2
0.5 49.0 14.59 79.78 99.4
0.6 48.8 14.98 78.95 99.2
0.7 47.4 14.54 78.57 98.5
0.8 47.4 14.70 78.82 97.9
0.9 46.8 14.28 78.69 98.0
1.0 46.6 14.08 78.69 98.6

Baseline (Greedy): CS=49.8, CI=14.8, Rec=80.6, Len=101.2

Key Findings: Unlike POPE where α=0.6 is 1030

optimal, CHAIR benefits from stronger attenuation 1031

(α=1.0), achieving CS=46.6 (−3.2 vs baseline). 1032

This suggests that caption generation tasks require 1033

more aggressive FFN suppression to reduce hallu- 1034

cinated objects. The recall-hallucination trade-off 1035

is favorable: CS drops by 6.4% while recall only 1036

decreases by 2.4%. 1037

B.7.3 mPLUG-Owl2 Ablation on CHAIR 1038

Table 19 presents ablation results for mPLUG- 1039

Owl2, showing layer and strength combinations. 1040

Table 19: mPLUG-Owl2: Ablation on CHAIR bench-
mark across different layer and strength combinations.

Layer Strength CS↓ CI↓ Rec↑ Len

18 0.0 57.8 17.10 78.63 105.6
18 0.3 61.2 17.52 77.35 106.1
18 0.5 58.6 17.44 77.29 107.0
18 0.7 57.8 16.82 77.42 106.8

19 0.5 55.4 16.83 78.06 104.7
19 0.6 56.4 17.12 77.67 104.2

20 0.6 55.0 16.60 76.33 105.4
20 0.7 55.4 16.43 76.52 105.0

21 0.5 57.0 16.98 77.42 106.3
22 0.5 58.4 17.05 77.93 106.7

Baseline (Greedy): CS=57.8, CI=17.1, Rec=78.6, Len=105.6

Key Findings: For mPLUG-Owl2, the optimal 1041
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configuration is layer 20 with α=0.6, achieving1042

CS=55.0 (−2.8 vs baseline) and CI=16.60 (−0.5).1043

The improvement is more modest compared to1044

LLaVA-1.5, consistent with our observation that1045

mPLUG-Owl2’s modality collaboration mecha-1046

nism partially addresses hallucination. Notably,1047

layer 18 (optimal for POPE) shows minimal im-1048

provement on CHAIR, confirming task-dependent1049

optimal layers.1050

C Hyperparameter Transfer Across1051

Models1052

We investigate whether optimal hyperparameters1053

transfer across different VLM architectures.1054

Table 20: Optimal hyperparameters across different
VLMs.

Model Layer α Range

LLaVA-1.5-7B 18 0.6 16–20
mPLUG-Owl2-7B 18 0.5–0.7 14–20
InstructBLIP-7B 14 0.5 14–17

Key Finding: For LLaVA-style models (LLaVA-1055

1.5, mPLUG-Owl2), layer 18 is consistently opti-1056

mal with strength in the 0.5–0.7 range. Instruct-1057

BLIP, which uses a different Q-Former architecture,1058

shows optimal performance at an earlier layer (14)1059

with lower strength (0.5). This suggests that the1060

critical layers for textual bias are architecturally1061

determined, with Q-Former-based models showing1062

different layer distributions.1063

D Limitations and Future Work1064

Task-Specific Tuning. While FADE achieves1065

strong results with a single hyperparameter setting1066

for discriminative tasks (POPE) and caption gen-1067

eration (CHAIR), the MME benchmark requires1068

significantly smaller attenuation strength (0.01 vs1069

0.6). This suggests that different task types may1070

require task-specific tuning, which we leave for1071

future work on adaptive strength selection.1072

Larger Models. Our experiments focus on 7B-1073

scale models. Preliminary experiments on larger1074

models (e.g., InternVL3-14B) suggest that the op-1075

timal layer may shift proportionally with model1076

depth, but comprehensive evaluation is needed.1077

Training-Time Integration. FADE operates at1078

inference time without model modification. Fu-1079

ture work could explore training-time regulariza-1080

tion that explicitly minimizes directional drift dur- 1081

ing instruction tuning. 1082
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