
Focus on What You See: Interpretable Vision-aware Latent Steering to
Mitigate Object Hallucinations

Anonymous ACL submission

Abstract001

Large Vision-Language Models (LVLMs) have002
achieved remarkable success but continue to003
struggle with object hallucination (OH), gen-004
erating outputs inconsistent with visual inputs.005
While previous work has proposed methods to006
reduce OH, the visual decision-making mecha-007
nisms that lead to hallucinations remain poorly008
understood. In this paper, we propose VaLSe,009
a Vision-aware Latent Steering framework that010
mitigates OH through an interpretation-then-011
mitigation pipeline. VaLSe performs token-012
level visual attribution to trace how visual in-013
puts contribute to individual output tokens, pro-014
ducing visual contribution maps that highlight015
the image regions most responsible for the gen-016
erated words. Then, by performing inference-017
time latent steering guided by token-level in-018
dicators of visual support derived from these019
contribution maps, VaLSe realigns internal rep-020
resentations toward semantically relevant con-021
tent, increasing reliance on visually grounded022
signals and thereby reducing OH in outputs. Ex-023
periments on multiple LVLMs and object hallu-024
cination benchmarks show that VaLSe consis-025
tently reduces OH while preserving generation026
quality. Additional analysis identifies recurring027
visually unsupported activations during decod-028
ing, suggesting limitations of existing halluci-029
nation evaluation metrics.030

1 Introduction031

Recent advances in large language models032

(LLMs) (Bai et al., 2023a; Touvron et al., 2023a,b)033

have accelerated the development of Large Vision-034

Language Models (LVLMs), such as LLaVA (Liu035

et al., 2024a, 2023b), InstructBLIP (Dai et al.,036

2023), MiniGPT-4 (Zhu et al., 2023), and Qwen2-037

VL (Bai et al., 2023b; Wang et al., 2024). How-038

ever, LVLMs are prone to OH (Bai et al., 2024;039

Yang et al., 2025; Duan et al., 2025; Zhou et al.,040

2024), often generating outputs that are inconsis-041

tent with visual inputs, raising serious concerns042

Figure 1: VaLSe mitigates OH through an interpretation-
then-mitigation pipeline.

about the reliability of LVLMs. Recent efforts 043

to mitigate hallucinations have explored a range 044

of outperforming strategies, including end-to-end 045

fine-tuning (Liu et al., 2023a; Jiang et al., 2024; 046

Kim et al., 2023), post-processing of model out- 047

puts (Leng et al., 2024; Zhang et al., 2024b; Zhou 048

et al., 2024; Chen et al., 2024c), and latent fea- 049

ture steering (Yang et al., 2025; Chen et al., 2024a; 050

Liu et al., 2025). However, these approaches of- 051

fer limited insight into how hallucinated words are 052

generated and what visual evidence supports their 053

production during the model’s decision-making 054

process. As a result, there remains no effective 055

method for tracing the token-level visual grounding 056

signals underlying hallucinated generations inside 057

LVLMs (Bai et al., 2024). 058

Interpreting the generation of individual words 059

in LVLMs poses challenges that existing inter- 060

pretability techniques do not adequately address. 061

First, the complexity of vision–language modeling 062

forces many existing analyses (Xing et al., 2025; 063

Khorram et al., 2021) to model the transformation 064

of visual signals into an input–output shortcut, by- 065

passing the model’s complex internal fusion and 066
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reasoning processes. Such analyses provide little067

insight into how visual evidence is internally inte-068

grated during token generation, hindering deeper069

analysis of object hallucination (OH) mechanisms.070

Second, even when token-level interpretations are071

attempted, they are frequently corrupted by activa-072

tion artifacts, where input-invariant neurons domi-073

nate attribution maps and highlight visually irrele-074

vant regions (Kang et al., 2025; Sun et al., 2024a).075

These issues render existing interpretations (Chat-076

topadhay et al., 2018; Stan et al., 2024b) unreli-077

able for model diagnosing, motivating the need for078

token-level interpretation methods and correspond-079

ing OH mitigation strategies.080

In this paper, we propose VaLSe, a Vision-aware081

Latent Steering framework for interpreting and mit-082

igating OH in LVLMs, as shown in Figure 1. For083

interpretation, VaLSe computes visual contribution084

maps within the model’s internal layers to trace085

how visual inputs influence individual output to-086

kens, while improving faithfulness by suppressing087

activation artifacts through contrastive token anal-088

ysis. For mitigation, by identifying tokens that089

are highly influenced by visual inputs, VaLSe de-090

rives their corresponding visual contribution maps,091

which provide localized, token-level evidence of092

visual support. Leveraging these signals, VaLSe093

performs targeted, inference-time latent steering094

to reinforce visually grounded representations, re-095

aligning generation toward semantically relevant096

image regions and encouraging LVLMs to focus097

more on what they observe, thereby mitigating OH.098

Through comprehensive experiments, we099

demonstrate that VaLSe effectively mitigates100

OH without retraining or external knowledge,101

while preserving the model’s general capabilities.102

Moreover, VaLSe enables fine-grained inter-103

pretability of OH by exposing token-level visual104

grounding signals in the model’s decision-making105

process. As illustrated in Figure 2, benchmark106

ground-truth alone are insufficient for reliably107

determining hallucinations. On the one hand,108

a model may produce a correct answer while109

attending to irrelevant image regions, indicating110

reliance on language priors rather than visual111

evidence. For example, in Figure 2 (a), the model112

correctly predicts the word “two” despite failing to113

attend to the relevant visual regions. On the other114

hand, visualization in Figure 2 (b) shows that a115

word flagged as hallucinated by existing metrics116

(e.g., the CHAIR metric (Rohrbach et al., 2018))117

can in fact be visually grounded and accurate.118

These observations underscore the importance 119

of analyzing the internal mechanisms behind 120

hallucinated generations and highlight the need 121

for more fine-grained and visually grounded 122

benchmarks for evaluating OH in LVLMs. 123

Our contributions are summarized as follows: 124

• We propose a novel vision-aware latent steer- 125

ing method that follows an interpretation-then- 126

mitigation strategy, enabling internal analysis of 127

the generation process behind hallucinated words 128

and effectively reducing OH in LVLMs. 129

• VaLSe generates high-quality visual contribution 130

maps across different LVLMs, enabling deeper 131

analysis of their decision-making processes. Our 132

analysis reveals limitations in existing OH eval- 133

uation metrics, highlighting the need for more 134

nuanced visually grounded assessment methods. 135

• Experiments demonstrate that VaLSe is effec- 136

tive in mitigating OH and provides strong inter- 137

pretability for understanding LVLMs’ decision- 138

making processes. 139

2 Related Work 140

Interpretation of LVLM. Interpreting com- 141

puter vision algorithms often involves generating 142

heatmaps that highlight the relevance of differ- 143

ent image regions to the model’s decisions. Clas- 144

sical approaches such as Grad-CAM (Selvaraju 145

et al., 2017) and Grad-CAM++(Chattopadhay et al., 146

2018) achieve this by combining input feature maps 147

with class-specific gradients from the upper layers 148

of convolutional networks. More recently, trans- 149

former interpretability has gained growing atten- 150

tion (Chefer et al., 2021a,b; Aflalo et al., 2022), 151

motivating deeper insights into model behavior for 152

interpreting modern LVLMs (Stan et al., 2024b; 153

Xing et al., 2025; Stan et al., 2024a; Giulivi and 154

Boracchi, 2024; Zhang et al., 2024a; Pan et al., 155

2023). In contrast to these interpretability tech- 156

niques (Stan et al., 2024b; Xing et al., 2025), our 157

method not only provides clearer visual explana- 158

tions but also leverages them in a feature steering 159

framework, leading to more accurate and reliable 160

outputs by mitigating object hallucinations. 161

Mitigation of Object Hallucination Various ap- 162

proaches have been proposed to address this is- 163

sue. Given that hallucinations may stem from 164

data biases and the knowledge gap between vi- 165

sual and linguistic information, recent studies have 166

explored fine-tuning LVLMs for robustness (Liu 167
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Figure 2: VaLSe can further provide in-depth analysis of (a) how a word token is generated based on visual
information and (b) inferring why a hallucinated word is generated.

et al., 2023a; Gunjal et al., 2024), cross-modality168

matching (Jiang et al., 2024; Kim et al., 2023), and169

preference alignment (Sun et al., 2023; Chen et al.,170

2024b).171

To avoid the high cost of fine-tuning, post-172

processing strategies have been developed to re-173

vise model outputs using external tools, such as174

LURE (Zhou et al., 2024) and visual-guided refin-175

ers (Yin et al., 2023; Zhao et al., 2024; Chen et al.,176

2024c). Other approaches aim to debias strong lan-177

guage priors during decoding (Leng et al., 2024;178

Liu et al., 2024b; Zhang et al., 2024b; Zhu et al.,179

2024a; Huang et al., 2024; Favero et al., 2024),180

while feature-steering methods (Yang et al., 2025;181

Liu et al., 2025; Fang et al., 2024) learn latent shift182

directions to adjust internal features for OH mitiga-183

tion. In contrast, VaLSe not only mitigates OH but184

also interprets the LVLM’s internal generation pro-185

cess, providing insight into the root causes of hal-186

lucination. Although AGLA (An et al., 2025) also187

leverages Grad-CAM to generate saliency-based188

prompts, it relies on an external multimodal model,189

making it incapable of explaining the LVLM’s own190

decision-making. VaLSe, by contrast, operates en-191

tirely within the LVLM and utilizes its interpretabil-192

ity to directly and effectively reduce OH.193

3 Method194

We first present the preliminaries and then intro-195

duce the main components of the VaLSe and, fi-196

nally, provide a brief discussion of VaLSe.197

3.1 Preliminaries and Notations198

Suppose we have an LVLM consisting of an image199

encoder, an alignment module and an LLM with L200

layers. In the LLM, the hidden states hl at layer l201

can then be calculated as 202

hl = xl + al

where xl = Wout
l σ

(
Win

l (al + hl−1)
)
,

al =

H∑
h=1

Qh
l (A

h
l V

h
l ).

(1) 203

Here, al and xl represent the outputs of the multi- 204

head attention (MHA) and the multi-layer percep- 205

tron (MLP), respectively. The MLP consists of two 206

linear layers with weights Win
l and Wout

l , and an 207

activation function σ. The attention output al is 208

computed by aggregating H attention heads. Each 209

head applies an attention map Ah
l to its correspond- 210

ing value matrix Vh
l , followed by a projection us- 211

ing Qh
l . For simplicity, layer normalization is omit- 212

ted from Eq. 1. 213

During autoregressive text generation, words 214

are tokenized and sequentially predicted condi- 215

tioned on previous tokens. Suppose the answer 216

y consists of Nr tokens, represented as a sequence 217

y = [y1, y2 · · · yNr ]. At each step t, the model 218

samples the next token yt according to: 219

yt ∼ P (yt|y1, y2 · · · yt−1; I, T ), (2) 220

where I and T are the input image and text. 221

3.2 VaLSe 222

Overview. Figure 3 illustrates the main compo- 223

nents of VaLSe: (a) Visual-based token selection 224

and contribution map generation, (b) Steering sam- 225

ple construction, and (c) Vision-aware latent steer- 226

ing. The overall procedure is as follows: Given an 227

input image I and a text prompt T , the LVLM first 228

generates a response y. VaLSe then selects visual- 229

based tokens whose predictions are strongly influ- 230

enced by visual inputs. For each selected token, 231
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Figure 3: VaLSe mainly contains three modules: (a) A visualization module that generates visual token contribution
maps for each selected token; (b) A vision-aware masking module creating masked images while preserving the
main semantic contents; (c) A latent steering mechanism.

VaLSe computes a visual token contribution map,232

highlighting the image regions the model attends233

to during token prediction. These maps are then234

used to construct positive and negative samples for235

latent steering. The original image and response236

serve as the negative sample, while positive ones237

are created by masking obscure, visually irrelevant238

regions while preserving core vision-aware objects.239

Finally, VaLSe performs latent steering by comput-240

ing the directional difference between positive and241

negative features, adjusting internal representations242

to reinforce focus on semantically relevant objects243

and reduce OH.244

Visual-based Token Selection. A visual-based245

token is defined as one whose prediction is highly246

sensitive to the presence of visual information. Fol-247

lowing (Xing et al., 2025; Favero et al., 2024), we248

use the log-likelihood ratio (LLR) between the to-249

ken’s prediction with and without visual context.250

Given I , T , and the generated responses y<t,251

the probability of token yt is P (yt|y<t, I, T ). To252

isolate the influence of the image, we can re-253

place I with a noise image Ĩ that lacks useful254

visual information, and compute the probability255

P (yt|y<t, Ĩ, T ). This can be obtained through a256

single forward pass by concatenating T and y<t257

as the textual input. The LLR for token yt is then258

defined as: 259

LLR(yt) = log
P
(
yt | y<t, I, T

)
P
(
yt | y<t, Ĩ, T

) . (3) 260

A higher value of LLR(yt) represents that the 261

token yt is generated more highly based on visual 262

inputs. We select tokens with high LLR values, 263

those most influenced by the image. Specifically, 264

we define the set of S visual-sensitive tokens as: 265

S = {ys | LLR(ys) > α, s ̸= 1}, (4) 266

where α is a predefined threshold and |S| = S. The 267

set S represents the word tokens in the generated 268

response that are strongly grounded in visual con- 269

tent, which is suitable for visualization1. For each 270

of the selected visual-based tokens, we compute 271

the corresponding visual token contribution maps 272

to analyze how the image influences the model’s 273

predictions. 274

Visual Token Contribution Maps. Follow- 275

ing (Chefer et al., 2021a), we compute contribution 276

maps that estimate the relevance of each image 277

token to a specific text token, using the attention 278

1Note that the proposed VaLSe can be used to visualize
any token in the response.
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mechanisms within the LLM. Let Nt
2 and Ni de-279

note the number of text and image tokens, respec-280

tively. The attention map at layer l is represented281

as Al ∈ R(Ni+Nt)×(Ni+Nt).282

We then generate the visual contribution map283

Cys for ys, which is initialized as an identity284

matrix and propagated layer-by-layer using Al.285

Since each attention layer has H heads, we fol-286

low (Chefer et al., 2021b) and compute a weighted287

average of the heads using their gradients with re-288

spect to ys. The aggregated attention map Āl at289

layer l and propagation of Cys are:290

Āl =
H∑

h=1

(
∂Lys
∂Ah

l

⊙Ah
l

)+

, (5)291

Cl+1 = Cl + Āl ·Cl, l = 0, 1, ...L− 1.292

where⊙ denotes the element-wise product and (·)+293

indicates removing negative contributions.294

This iterative update propagates relevance scores295

from the 0-th layer to the L-th layer. Since the296

model typically predicts words based on the last297

token’s hidden state, we take the last row of CL298

and retain the first Ni values, corresponding to the299

image tokens, Ĉys ≜ C
L[−1,:Ni]
ys . Reshaping Ĉys300

yields the visual contribution map for token ys.301

Artifacts Elimination. Generally, Ĉys can be302

significantly affected by artifact activations, which303

are neurons that consistently exhibit abnormally304

high values regardless of the input. These artifacts305

distort the accurate contribution distribution and306

compromise interpretability.307

Following the observation in (Sun et al., 2024a)308

that such activations typically occur at fixed spatial309

positions, we address this issue by contrasting con-310

tribution maps between target visual-based tokens311

and a non-semantic system token ysys. Specifi-312

cally, for ysys, we compute its contribution map313

Ĉsys and identify positions P exhibiting artifacts.314

By suppressing these regions in Ĉys , we obtain315

cleaner visualizations, better reflecting the model’s316

true attention to image content.317

Paired-sample Generation. For all N samples,318

we first select Ns vision-aware ones, whose S is319

not empty, and mask while preserving key visual320

information indicated by the selected visual-based321

tokens for each sample. Specifically, we will gen-322

erate Sn masks for the n-th sample, defined as323

Mn =
{
M(Ĉys , C̃ys)

∣∣ ys ∈ Sn}, where C̃ys is324

2Nt includes both the original text prompt tokens and the
generated responses.

the mean value of Ĉys used as a threshold to ob- 325

tain the mask M(Ĉys , C̃ys). ApplyingMn yields 326

the masked images Ĩn = In ⊙M(Ĉy1) ⊙ · · · ⊙ 327

M(ĈySn ). 328

The original image In and y can constitute the 329

negative sample. Finally, we have Ns negative 330

and positive samples, all of which will be used to 331

perform vision-aware latent steering. 332

Vision-aware Latent Steering. We apply a steer- 333

ing process to the LLM within the LVLM. We first 334

extract the latent states from the MLP layers for 335

both positive and negative samples through forward 336

passes. For the n-th sample, let x+
n,l and x−

n,l de- 337

note the latent states of the last token at layer l 338

when generating the positive and negative outputs, 339

respectively. We compute the direction for each 340

of the samples as ∆n
l = x+

n,l − x−
n,l, then perform 341

PCA on the concatenated directions to extract the 342

overall direction vision-aware directions, vedit
l , con- 343

sistent with prior studies. 344

During inference, we apply the learned steering 345

vectors to shift the latent states xl of all LLM lay- 346

ers by x̃l ← xl + λvedit
l . We then normalize the 347

resultant states to have the same ℓ2 norm as the 348

original ones, ensuring that their magnitudes re- 349

main consistent with those typically processed by 350

subsequent modules. 351

x̃l = x̃l ·
∥xl∥2
∥x̃l∥2

. (6) 352

353
3.3 Why VaLSe works? 354

We provide a deeper analysis to understand why 355

VaLSe works. The analysis can be conducted for 356

each transformer layer l, and we drop the subscript 357

l for simplicity. Let f(·) denote the output of the 358

LVLM given input features, and let A(x) represent 359

the attention matrix influenced by the input x. We 360

assume a single attention head and treat matrices 361

in vectorized form, using A to denote A(x). To 362

approximate the model’s behavior under perturbed 363

inputs, we apply a first-order Taylor expansion to 364

estimate the output for a noise input x̃, which is: 365

f(Ã) = f(A) +

(
∂f

∂A

)⊤
(Ã−A) +R, ⇔(

∂f

∂A

)⊤
A = 1⊤

(
∂f

∂A
⊙A

)
= f(A)− f(Ã).

(7) 366

where we suppose all matrices are vectorized and 367

1 andR denote the vector of all ones and a higher- 368

order infinitesimal term, respectively. We assume 369
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Method LLaVA-1.5 MiniGPT-4

CS ↓ CI ↓ BLEU↑ F1 Len CS ↓ CI ↓ BLEU↑ F1 Len

Greedy 20.4±2.8 7.1±0.3 15.7±0.1 73.2 54.7 32.4±2.2 12.2±0.4 14.6±0.1 67.9 55.4
Beam Search 19.5±2.3 6.8±0.8 16.0±0.1 71.7 50.0 30.1±0.3 11.9±0.4 15.4±0.2 67.4 54.3
DoLa (Chuang et al., 2023) 20.2±2.8 6.8±0.5 15.7±0.1 72.5 52.1 31.9±3.3 12.2±0.9 14.5±0.1 68.1 55.8
OPERA (Huang et al., 2024) 17.5±0.5 6.1±0.3 16.0±0.1 72.6 53.1 29.7±0.3 12.0±0.3 14.8±0.1 67.1 54.6
VCD (Leng et al., 2024) 20.3±1.1 7.3±0.1 14.5±0.0 71.0 51.6 29.0±2.8 12.6±1.2 14.4±0.0 66.2 53.1
HALC (Chen et al., 2024c) 16.9±2.1 5.7±0.6 16.0±0.1 71.2 51.0 25.2±2.0 9.4±0.4 14.9±0.1 67.4 53.8
VTI-v (Liu et al., 2025) 17.4±2.0 6.0±0.6 15.5±0.1 73.3 54.8 30.4±1.6 11.5±0.6 15.1±0.1 67.4 54.8

VaLSe 15.5±1.9 5.0±0.5 15.5±0.1 72.0 54.8 27.7±1.7 11.2±0.8 15.0±0.1 67.6 53.6

Table 1: CHAIR evaluation results. We use 64 as the max token number in this experiment.

that under ideal noise input x̃ with mutually inde-370

pendent tokens, its influence on the attention mech-371

anism can be treated as a zero baseline: A(x̃) = 0.372

The blue components in Eq. 7 share the same373

formulation as the visual contribution maps com-374

puted by VaLSe in Eq. 5. Additionally, we observe375

that the red term closely resembles recent decoding376

strategies for OH mitigation, such as VCD (Leng377

et al., 2024) ((1 + α)f(x)− αf(x̃)) debiasing the378

model’s prior-driven predictions. Based on this379

connection, we infer that applying the vision-aware380

masking via the visual contribution maps enables381

the resulting latent steering to eliminate model bias382

at the feature level, similar to the decoding-level as383

in VCD, and potentially mitigate OH.384

4 Experiments385

We first evaluate the proposed VaLSe in different386

OH mitigation tasks and then conduct visualization387

experiments to reveal the limitations of existing388

OH benchmarks.389

Datasets. We evaluate VaLSe on different popular390

datasets for hallucination mitigation and general391

ability evaluation. For OH benchmark, we use392

CHAIR (Rohrbach et al., 2018), AMBER (Wang393

et al., 2023), POPE (Li et al., 2023), MMHal (Sun394

et al., 2024b) and MMVP (Tong et al., 2022) to395

test the performance of VaLSe in OH mitigation.396

Moreover, we implement MME (Fu et al., 2023),397

GQA (Hudson and Manning, 2019) and LLaVA-398

Bench (Liu et al., 2023b) to test the general ability399

of the LVLMs.400

Implementation. To evaluate the effectiveness of401

VaLSe, we implement VaLSe on three mainstream402

large vision-language models, including LLaVA-403

1.5 (Liu et al., 2024a), MiniGPT-4 (Zhu et al., 2023)404

and Qwen2-VL (Wang et al., 2024). More details405

are provided in the Appendix E.406

4.1 OH Mitigation Results 407

Compared to Existing Methods. Table 1 sum- 408

marizes the performance of VaLSe when incor- 409

porated into LLaVA-1.5 and MiniGPT-4, in com- 410

parison with existing OH mitigation approaches. 411

LLaVA enhanced with VaLSe outperforms all com- 412

pared methods, while MiniGPT-4 combined with 413

VaLSe achieves performance comparable to most 414

decoding-based baselines. Among the metrics, CS 415

is particularly critical, as a caption containing mul- 416

tiple correct objects but a single hallucinated one 417

is still considered erroneous. A substantial im- 418

provement in CS indicates that VaLSe effectively 419

eliminates the remaining hallucinated objects. We 420

also report BLEU, F1, and Length (Len) metrics to 421

ensure that VaLSe does not compromise response 422

quality or object coverage. 423

Results on Hallucination Benchmarks. We fur- 424

ther evaluate the effectiveness of VaLSe in miti- 425

gating object hallucination (OH) by applying it to 426

LLaVA-1.5 and Qwen2-VL across multiple bench- 427

marks, including CHAIR (512 max-token setting), 428

AMBER, POPE, MMHal, and MMVP, as presented 429

in Table 2. The results show that integrating VaLSe 430

consistently improves performance compared to 431

the original models on most benchmarks. For 432

CHAIR, the F1 scores remain comparable or even 433

slightly higher than those of the original LVLMs, 434

indicating that both object precision and recall are 435

preserved. Notably, improvements on Qwen2-VL 436

are more moderate compared to LLaVA-1.5. This 437

may be attributed to the multi-scale vision encoder 438

and complex visual features in Qwen2-VL, which 439

make it more difficult to trace the influence of 440

visual tokens on output tokens, thereby reducing 441

the effectiveness of latent steering. On the POPE 442

benchmark, both models show clear improvements 443

with VaLSe. For MMHal-Bench, although the over- 444

all average score improvements are modest, VaLSe 445

6



Model CHAIR AMBER POPE MMHal MMVP

CS↓ CI↓ F1 CH. ↓ Co. ↑ Hal. ↓ Cog. ↓ Acc. ↑ F1 ↑ Acc. F1 Score↑ Hal.↓ Score↑

LLaVA-1.5 50.4 14.6 76.5 7.2 50.6 32.5 3.7 71.9 74.8 81.4 79.7 2.6 60.4 26.7
VaLSe 30.8 9.1 77.2 4.9 48.5 23.8 2.4 74.6 78.8 82.7 84.1 2.7 56.3 31.3

Qwen2-VL 44.4 8.71 75.2 6.9 71.7 58.3 6.1 78.6 83.2 84.4 82.4 3.7 38.5 51.3
VaLSe 39.6 8.66 75.3 6.3 70.3 49.1 5.2 78.9 84.0 86.3 85.8 3.9 32.3 52.7

Table 2: Evaluation results on the CHAIR (Rohrbach et al., 2018), AMBER (Wang et al., 2023), POPE (Li et al.,
2023), MMHal (Sun et al., 2024b) and MMVP (Tong et al., 2022) datasets.

Figure 4: The performance and inference speed per
sample using LLaVA-1.5-7b on CHAIR.

significantly reduces hallucination rates. Specifi-446

cally, LLaVA-1.5’s hallucination rate drops from447

60.4 to 56.3, and Qwen2-VL’s rate decreases from448

38.5 to 32.3. In contrast, VaLSe shows limited im-449

provement on MMVP, which may be due to the450

multiple-choice question format of the tasks.451

General Performance. The inference speed per452

sample is evaluated on the CHAIR task under453

a 64-token maximum setting. From the results,454

we observe that VaLSe achieves strong perfor-455

mance while maintaining competitive inference456

speed compared to existing methods and baselines.457

This is because the generation of contribution maps458

and visual-aware masks is performed only during459

the steering vector learning stage. During infer-460

ence, VaLSe directly applies the learned steering461

vectors, which only marginally affects the inference462

speed. The additional time overhead is limited and463

depends on the number of layers involved in Eq. 6.464

We evaluate the LVLMs and their VaLSe-465

enhanced counterparts on general tasks to assess466

whether VaLSe impacts their general capabilities467

(Figure 5). LLaVA-1.5 exhibits improved perfor-468

mance in color and positional understanding, while469

Qwen2-VL shows notable gains in OCR and code-470

related tasks. Additionally, Table 3 reports results471

on GQA and LLaVA-Bench, demonstrating that472

model performance remains comparable to that of473

the original baselines. These results suggest that474

VaLSe effectively mitigates object hallucination475

without compromising the general reasoning or476

multimodal capabilities of the underlying LVLMs.477

Model GQA LLaVA-Bench

Binary Open Acc. Acc. Det.

LLaVA-1.5 77.9 47.1 61.2 5.4 5.2
VaLSe 78.3 46.9 61.3 6.2 5.8

Qwen2-VL 83.1 45.1 62.5 7.0 6.5
VaLSe 82.6 45.3 62.4 7.3 6.5

Table 3: Results on GQA and LLaVA-Bench.

Figure 5: Results on MME.

4.2 Are the Marked OHs Indeed Hallucinated 478

Objects? 479

We analyze the hallucinated words as identified 480

by the CHAIR metric (Figure 6). The figure is 481

organized into four columns: (1) the original in- 482

puts, (2) the hallucinated word along with its visual 483

contribution map, (3) a zoomed-in crop region of 484

hallucination, and (4) the response using VaLSe. 485

From the results, we identify and categorize four 486

types of hallucination in CHAIR. 487

Truly hallucinated words. Figure 6 (a) presents 488

a typical case of object hallucination, where the 489

model incorrectly identifies unseen animal toys as 490

teddy bears. This hallucinated prediction is effec- 491

tively corrected by VaLSe, which steers the model’s 492

attention more to the visual cues. 493

Factual hallucinated words. Figure 6 (b) illus- 494

trates a more interesting example. Here, the model 495

makes a factual hallucination, describing the pres- 496

ence of a cell phone due to the appearance of an 497

Apple logo in the image. While the logo is on a 498

laptop and no phone is present, the hallucination 499

reflects a strong prior association within the LVLM, 500

linking the Apple logo with the cell phone concept. 501

However, such a prediction could be viewed as 502

reasonable in some way. 503
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Responses: The image 
features a bed…, there is a 
clock, a potted plant, and 
a teddy bear…. 

Prompt: Describe 

this image in detail.

Responses: The image 
features a bed… and the 
two stuffed animals are 
placed on the right….

Responses: The image 
shows a group of people  
in a living room… in front 
of a laptop …

Prompt: Describe 

this image in detail.

Responses: The image 
shows a group of people..
man is holding a cell 
phone. …. 

The original inputs
of LVLM

The hallu. words and 
visualization results

Hallucination analysis
The responses after 

steering by VaLSe

Hallu.
words

Hallu.

The unseen animal toys 
are hallucinatedly 
considered as teddy 
bears.

The presence of the 
Apple logo leads the 
hallucinated word, “cell 
phone.”

Correct
answer
in some

way

（a）

（b）

Responses: The image 
captures a skateboarder in 
mid-air… a bench located 
in the background.

Prompt: Describe 

this image in detail.

Responses: The image 
captures a skateboarder 

in…The scene is set in a 
park, with a fence ..

Prompt: Describe 

this image in detail.

Responses: The image 
features a man… and a 
handbag can be seen 
placed near the bench…. 

Responses: The image 
features a man sitting on 
a bench… eagerly eating 
from his hand….

The “handbag” is 
identified as hallucination
since it is not in the
ground-truth.

Correct

The “bench” is identified 
as hallucination. While it 
looks like a bench after 
we zooming the region. 

Potentially
correct
answer

Probably
correct
answer

（c）

（d）

The original inputs
of LVLM

The hallu. words and 
visualization results

Hallucination analysis
The responses after 

steering by VaLSe

Figure 6: The visualization and analysis results via VaLSe of four different types of hallucination using LLaVA-1.5
on the CHAIR benchmark.

Unclear hallucinated words. CHAIR may also504

flag potentially correct answers as hallucinations.505

As shown in the zoomed-in region of Figure 6 (c),506

there appears to be a vague object resembling a507

bench on the grass. However, due to its small size508

and ambiguous appearance, it is difficult to defini-509

tively determine whether the word bench consti-510

tutes a hallucination.511

Probably false hallucination. Figure 6 (d)512

presents a case where the CHAIR metric flags a513

word as hallucinated, despite it can be a correct pre-514

diction: The model identifies a handbag in the im-515

age. However, because “handbag” is not included516

in the ground-truth annotations, CHAIR metric con-517

siders it as a hallucination. This case highlights a518

key limitation of CHAIR: its reliance on incom-519

plete or overly strict ground-truth labels.520

Despite the limitations of CHAIR, VaLSe still521

mitigates OH across all four identified types of hal-522

lucination. By applying vision-aware latent steer-523

ing, VaLSe guides LLaVA to avoid unnecessary524

descriptions of ambiguous or visually uncertain525

regions. As a result, we observe a consistent reduc-526

tion in both CS and CI .527

4.3 Ablation studies and further analysis528

Selected Visual Tokens. We present an analytical529

study to examine which types of words are identi-530

fied as visual-based tokens, and how the selection531

threshold for LLR α influences the selection pro-532

cess. The results are shown in Figure 7 (a). As533

expected, decreasing α results in more tokens be-534

ing selected as visual-based. Furthermore, we ob-535

serve that object-related words and attribute-related536

words, such as those describing color, are more537

likely to be selected, which meets our intuition.538

A Case Study for Wider Applications of VaLSe.539

The example in Figure 7 (b) provides a case study540

demonstrating how VaLSe can serve as an inter-541

pretability tool for analyzing typographic deception542

attacks (Avrahami et al., 2022; Cheng et al., 2024). 543

The results show that when the attack is successful, 544

the model’s attention is misdirected by the “Dog”. 545

However, when prompted to describe the image, 546

the LVLM focuses on the stripe and the cat’s face, 547

and produces the correct answer, even though it 548

still exhibits high attention on the deceptive word 549

“Dog”. This case highlights that VaLSe is not only 550

effective for mitigating OH, but also generalizes to 551

broader interpretability tasks for modern LVLMs. 552

Figure 7: Further analysis with visualization results
using LLaVA-1.5.

5 Conclusion 553

In this paper, we introduced VaLSe, which follows 554

an interpretation-then-mitigation strategy, lever- 555

aging visual contribution maps to trace how vi- 556

sual inputs influence token-level outputs, and per- 557

forming vision-aware latent space steering to en- 558

hance the model’s focus on vision-aware contents 559

and reduce OH. Our experiments demonstrate that 560

VaLSe achieves superior OH mitigation perfor- 561

mance while maintaining general ability. Addition- 562

ally, we highlight essential limitations in current 563

OH benchmarks that can identify false hallucina- 564

tions during evaluation. These findings suggest a 565

more comprehensive evaluation benchmark for OH 566

and that interpretability should play a more critical 567

role in future research on hallucination mitigation. 568
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Limitations569

While VaLSe provides an effective, training-free570

approach for mitigating object hallucination and571

interpreting visual-token interactions, it still has572

limitations.573

The quality of the visualization results heavily574

depends on how visual features from the encoder575

are integrated into the language model. In LVLMs576

such as LLaVA (Liu et al., 2023b) and LLaVA-577

Phi (Zhu et al., 2024b), visual features are directly578

aligned with the language model via modules (such579

as linear layers) that preserve the spatial structure580

of the original visual inputs, allowing VaLSe to581

effectively trace how visual inputs influence text to-582

ken generation. In contrast, models like MiniGPT-583

4 (Zhu et al., 2023) and Qwen2-VL (Wang et al.,584

2024) employ a Q-former to compress and blend vi-585

sual features, followed by operations such as pixel-586

shuffle (Shi et al., 2016) to reduce the number of587

visual tokens. These transformations can destroy588

the original spatial relationships among tokens, de-589

grading the quality of the contribution maps gen-590

erated by VaLSe. Moreover, Qwen2-VL (Wang591

et al., 2024) further employs the multi-scale visual592

feature extraction in the vision encoder, making593

it more difficult to interpret the generated visual594

contribution maps.595
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A Will the Selected Token be a888

Hallucinated One?889

Actually, (Xing et al., 2025) suggests that hallu-890

cination may arise from excessive reliance on the891

language prior, which leads to a low LLR. This892

risk can largely be mitigated by adopting a rela-893

tively high α. To verify this, we computed the894

average LLR values of the correct object tokens895

and hallucinated ones on a subset of CHAIR. The896

results show that correct tokens consistently exhibit897

much higher LLRs than hallucinated tokens (5.63898

v.s.1.06), indicating that an appropriate choice of899

α ensures most selected ys are not hallucinations.900

Since hallucinated tokens can still be chosen by901

chance, we manually increase the number of hal-902

lucinated ys and test on CHAIR (Table 4). We903

observe that performance degradation occurs only904

with too many hallucinated tokens; a small number905

of hallucinations does not cause significant error.906

Hallu. Num. None 6 16 37

CS ↓ 13.8 15.4 15.2 18.0
CI ↓ 4.6 5.2 5.2 5.7

Method CS ↓ CI ↓ F1 IoU ↑

VaLSe w/ Artif. 14.6 4.8 71.1 0.2706
VaLSe 13.8 4.6 71.6 0.3012

Table 4: Test results of using hallucinated tokens during
steering and Artifacts elimination.

B Eliminating Artifacts.907

Figure 8 presents an illustrative example of arti-908

fact elimination. From Table 4, we can see that909

eliminating the artifacts improves the OH miti-910

gation performance. Moreover, we calculate the911

IoU between the high-activation areas and the GT-912

bounding box (each sample has the GT-BBOX of913

objects in CHAIR), and we show that eliminating914

artifacts enables the model to concentrate more on915

the target visual objects, thereby achieving higher916

IoU scores. Further quantitative results are pre-917

sented in Section G.918

C Further Discussion on Model-Specific919

Interpretability920

We further infer that the conclusion in (Neo et al.,921

2025), which suggests that object information is922

highly localized to token positions corresponding923

to their original spatial location in the image, may924

only hold for models such as LLaVA and LLaVA-925

Phi. This is consistent with the authors’ discussion926

Figure 8: An example illustrating artifact elimination in
visual contribution maps. Compared with Grad-CAM
and LVLM-Interpret, VaLSe suppresses spurious high-
activation artifacts and yields more faithful visualiza-
tions that concentrate on the true visual object (the
clock).

of limitations in their study. Moreover, we align 927

with findings from prior work (Xing et al., 2025), 928

highlighting that many recent LVLMs adopt multi- 929

resolution or multi-encoder architectures, compli- 930

cating the alignment of intermediate features with 931

their original spatial regions. These design choices 932

pose inherent challenges for interpretability meth- 933

ods that rely on token-level spatial correspondence. 934

Figure 9: Visualization results of different four LVLMs
using VaLSe.

Figure 9 provides a qualitative comparison 935

across different LVLM architectures, illustrating 936

notable differences in visualization clarity. This 937

may explain why the effectiveness of latent steer- 938

ing varies across models: improvements on Qwen2- 939

VL and MiniGPT-4 are less pronounced than those 940

observed on LLaVA-1.5, likely due to reduced in- 941

terpretability and weaker steering signals derived 942

from less spatially coherent features. Neverthe- 943

less, applying VaLSe to systematically study OH in 944

LLaVA yields several valuable insights into the lim- 945

itations of current benchmark evaluations. These 946

findings underscore the need for more nuanced, vi- 947

sually grounded assessment methods, which can be 948

an important direction for future work. 949
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D Datasets950

D.1 Datasets for Hallucination Evaluation951

CHAIR CHAIR (Rohrbach et al., 2018) intro-952

duces a set of caption-image relevance metrics de-953

signed to evaluate the occurrence of object halluci-954

nations (OH). This tool assesses image descriptions955

by comparing them with reference captions from956

standard datasets such as MSCOCO. The metrics957

quantify hallucinations based on the proportion of958

mentioned objects that are absent from the ground-959

truth object set, which is extracted from the refer-960

ence captions.961

Specifically, CHAIRS measures the proportion962

of generated captions that contain at least one hal-963

lucinated object, while CHAIRI quantifies the pro-964

portion of hallucinated objects among all generated965

objects. Lower scores indicate fewer hallucinations.966

In our experiments, we also report BLEU to assess967

the overall quality of the generated text, and F1968

score to evaluate the precision and recall of the gen-969

erated objects relative to the ground-truth object970

set. For implementation, we randomly select 500971

images from the MSCOCO 2014 validation set, re-972

peating the evaluation three times. All methods973

are prompted with: “Please describe this image in974

detail.”975

AMBER AMBER (Wang et al., 2023) proposes976

an LLM-free, multi-dimensional benchmark con-977

sisting of 1,004 images. It includes both generative978

and discriminative tasks, providing a comprehen-979

sive evaluation of object hallucination. Specifically,980

the dataset contains 1,004 generation prompts and981

14,216 discriminative prompts, which cover exis-982

tence, attribute, and relation-based queries.983

For evaluation, the generative task reports984

CHAIR and Hal scores to assess hallucinations in985

captions and object proportion. The Cover metric986

measures the proportion of ground-truth objects987

included in the generated outputs, while Cog eval-988

uates the cognitive similarity between generated989

and target hallucinated objects—lower Cog scores990

indicate that hallucinated objects are easier to dis-991

tinguish from real ones. The discriminative task992

reports accuracy and F1 score.993

POPE POPE (Li et al., 2023) is a polling-based994

query framework for evaluating OH. It formulates995

a discriminative task by directly asking an LVLM996

whether a specific object is present in an image.997

For implementation, each evaluation run sam-998

ples 500 images from MSCOCO 2014 validation999

set. The method first extracts a set of candidate 1000

objects based on the segmentation results of the 1001

selected images. It then generates polling prompts 1002

in the form of “Is there a/an {} in the image?”, 1003

where {} is filled with sampled object names using 1004

various strategies (random, popular, and adversar- 1005

ial). The evaluation focuses on the accuracy and 1006

F1 score of the model’s responses, computed based 1007

on the statistical results of its positive and negative 1008

answers to the prompts. 1009

MMHal-Bench MMHal-Bench (Sun et al., 1010

2024b) is designed to evaluate response halluci- 1011

nations in realistic user–LVLM interactions. The 1012

benchmark consists of 96 image-question pairs, 1013

where all questions are open-ended and span 8 1014

question categories across 12 object-centric top- 1015

ics. 1016

To assess hallucinations, GPT-4(Achiam et al., 1017

2023) is employed to analyze and rate LVLM re- 1018

sponses. Each evaluation instance consists of the 1019

question, the corresponding model-generated re- 1020

sponse, the image category, and a standard human- 1021

written answer. These elements are incorporated 1022

into the prompt to support a more accurate evalua- 1023

tion. 1024

MMVP The MMVP benchmark (Tong et al., 1025

2024) contains 150 multiple-choice questions and 1026

300 images, where each question is associated with 1027

a pair of images. These image pairs constitute 1028

CLIP-Blind sets—constructed based on high sim- 1029

ilarity in CLIP embeddings but with clear visual 1030

differences. The dataset is designed to evaluate hal- 1031

lucinations that potentially arise from such visual 1032

representation ambiguities. 1033

D.2 Datasets for General Performance 1034

Evaluation 1035

MME MME (Fu et al., 2023) is a comprehensive 1036

benchmark consisting of 14 sub-tasks designed to 1037

evaluate the perception and cognition abilities of 1038

LVLMs. Each sub-task has a full score of 200. For 1039

each image, two manually constructed questions 1040

are provided, and the utility score for each sub-task 1041

is determined by accuracy, calculated based on the 1042

correctness of individual question responses. In 1043

our experiments, we evaluated model performance 1044

across the full set of tasks. 1045

GQA GQA (Hudson and Manning, 2019) is a 1046

large-scale benchmark designed for real-world vi- 1047

sual reasoning and compositional question answer- 1048
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ing. In our experiments, we use the test-dev-1049

balanced split for evaluation, which includes both1050

binary and open-ended question types.1051

LLaVA-Bench LLaVA-Bench (In-the-1052

Wild) (Liu et al., 2024a) is a benchmark1053

comprising 24 images from diverse real-world1054

sources and 60 corresponding questions. Each1055

image is accompanied by a detailed, manually1056

written description. This dataset is used to assess1057

the ability of LVLMs to handle challenging1058

and open-ended tasks. Following (Leng et al.,1059

2024), we leverage LLaVA-Bench for qualitative1060

evaluation using GPT-4V-aided assessment.1061

E Experiment Settings1062

E.1 Models1063

We apply VaLSe to four representative LVLMs:1064

LLaVA-v1.5-7b3, Qwen2-VL-7B-Instruct4,1065

MiniGPT4-llama2-7b5, and Mipha-3B6. The1066

model weights are obtained from official reposito-1067

ries on GitHub or Hugging Face. All experiments1068

involving LLaVA-1.5 are conducted on NVIDIA1069

RTX 4090 GPUs.1070

E.2 Implementation Details of LVLMs1071

Comparison of other methods For the compari-1072

son with other mitigation methods specifically de-1073

signed for OH mitigation, we build on the eval-1074

uation code provided by the public repository of1075

HALC7. Specifically, we adopt the hyperparame-1076

ters for HALC, VCD, DoLa, and OPERA as pro-1077

vided in their respective official implementations.1078

For each baseline, we follow the authors’ official1079

setups, using their pre-trained models and default1080

configurations from the corresponding repositories.1081

Paired Samples Construction. To generate vi-1082

sual token contribution maps for visual-based to-1083

kens, we randomly select 200 images from the1084

MSCOCO 2017 training set, following the image1085

set provided in the GitHub repository of (Neo et al.,1086

2025). Each image is paired with its corresponding1087

response generated by an LVLM, which serves as1088

the negative sample. To ensure the responses focus1089

primarily on the main objects within the scene, we1090

3https://huggingface.co/liuhaotian/llava-v1.
5-7b

4https://huggingface.co/Qwen/
Qwen2-VL-7B-Instruct

5https://github.com/Vision-CAIR/MiniGPT-4
6https://github.com/xmoanvaf/llava-phi
7https://github.com/BillChan226/HALC

use the prompt “Describe the image for short.” and 1091

constrain the maximum output length to 64 tokens. 1092

The construction of positive samples is guided 1093

by visual token selection and corresponding visual- 1094

izations, which are controlled by the LLR threshold 1095

α. In our experiments, we set α to 1.8 for MiniGPT- 1096

4, and 3 for both LLaVA-1.5 and Qwen2-VL. All 1097

threshold values are empirically tuned to reduce 1098

the inclusion of words that are irrelevant to object 1099

content, based on the global LLR distribution. 1100

Intervention Strength on the Shift Direction. 1101

Following VTI (Liu et al., 2025), we intervene 1102

in the decoder of the LLM by shifting its latent 1103

states along the direction vedit
l at each layer, using 1104

a layer-specific shift magnitude. When extracting 1105

features at the MLP layer for paired samples, we 1106

use the propagated feature of the last token. The in- 1107

tervention strength, denoted by β, is set as follows: 1108

0.4 for MiniGPT-4; for LLaVA-1.5, 0.5 on CHAIR 1109

and AMBER, and 0.4 on other experiments; for 1110

Qwen2-VL, 0.2 on MMVP and MME, and 0.5 on 1111

other experiments. 1112

F Analytic studies 1113

We conduct analytic studies on key steps of the 1114

VaLSe framework. In all experiments, VaLSe is 1115

applied to the LLaVA-1.5 model and evaluated on 1116

the CHAIR task. For each experiment, we report 1117

CS and CI scores to assess hallucination, along 1118

with the F1 score to evaluate response quality. The 1119

configuration that consistently achieves lower CS 1120

and CI scores while maintaining a competitive F1 1121

score is selected as the final setting. 1122

α
max=64 max=512

CS↓ CI↓ F1 CS↓ CI↓ F1

raw 20.2 6.4 73.4 47.8 13.4 78.0
1 16.4 5.3 72.8 38.0 10.7 77.9
3 15.4 5.2 73.3 36.2 10.2 78.6
5 16.6 5.2 73.2 36.6 10.0 78.6
7 16.6 5.1 73.1 37.2 10.2 78.2

Table 5: Impact of different α thresholds for selecting
visual-based tokens on performance

Threshold α for Selection of Visual-Based To- 1123

kens in Positive Sample Construction Within 1124

our framework, we use an LLR-based criterion with 1125

threshold α to guide the selection of tokens for vi- 1126

sualization. The effect of varying the threshold α 1127

is presented in Table 5. 1128

14

https://huggingface.co/liuhaotian/llava-v1.5-7b
https://huggingface.co/liuhaotian/llava-v1.5-7b
https://huggingface.co/Qwen/Qwen2-VL-7B-Instruct
https://huggingface.co/Qwen/Qwen2-VL-7B-Instruct
https://github.com/Vision-CAIR/MiniGPT-4
https://github.com/xmoanvaf/llava-phi
https://github.com/BillChan226/HALC


Type of Masking Method Given the selected α1129

values, we further investigate the impact of differ-1130

ent masking strategies. The approaches evaluated1131

include: Gaussian noise (mean 0, standard devia-1132

tion 0.1), Gaussian blur (kernel size set to at least1133

one-quarter of the image’s shorter side), zero re-1134

placement (replacing the masked region with zero),1135

and mean replacement (filling the masked region1136

with the mean value of the image tensor). As shown1137

in Table 6, mean replacement consistently achieves1138

the best performance across both the 64-token and1139

512-token maximum output settings, offering the1140

most effective balance between hallucination sup-1141

pression and answer quality.1142

Mask Strategy
max=64 max=512

CS↓ CI↓ F1 CS↓ CI↓ F1

raw 20.2 6.4 73.4 47.8 13.4 78.0
Gauss noise 18.4 6.3 74.2 48.4 13.2 77.2
Gauss blur 18.2 5.7 73.1 35.8 10.7 77.7
zero 18.2 5.8 73.4 40.6 11.0 78.0
mean 15.4 5.2 73.3 36.2 10.2 78.6

Table 6: Performance comparison of different replace-
ment strategies for masked regions in the image compo-
nent of positive samples.

G Quantitative Results of Visualization1143

Following (Chefer et al., 2021a), we conduct dele-1144

tion and insertion studies using LLaVA-1.5, com-1145

paring three visualization methods: attention maps,1146

vision encoder Grad-CAM, and VaLSe, evaluated1147

on 8 samples. For attention maps, we extract the1148

attention map from the last layer of the LLM in1149

LLaVA, averaging across all attention heads within1150

the layer.1151

For vision encoder Grad-CAM, we compute1152

saliency maps with respect to the attention out-1153

put after the layer normalization8 in the final layer,1154

before features are passed into the LLM. We report1155

and compare results from all three visualization1156

methods. The outcomes are illustrated in Figure 10.1157

The red words in the response correspond to the1158

visualization tokens.1159

We briefly introduce the deletion and insertion1160

experimental settings. Given visual inputs and text1161

prompts, the LVLM generates a response. We then1162

apply various visualization methods to produce vi-1163

sual contribution maps for a selected visual-based1164

token. Ideally, if a contribution map accurately re-1165

8Implementation based on https://github.com/
jacobgil/pytorch-grad-cam

flects the relevance between the token and visual 1166

content in the image, then masking the correspond- 1167

ing patch should significantly impact the token’s 1168

predicted probability. 1169

In the insertion setting, we begin by masking 1170

the entire image with noise. Then, we gradually 1171

unmask patches one by one, ranked by their visual 1172

contribution scores. A better visualization method 1173

will reveal informative patches earlier, causing the 1174

token’s prediction probability to rise sooner in the 1175

process. 1176

In the deletion setting, we start with the origi- 1177

nal image and progressively mask patches in order 1178

of highest visual contribution. A better visualiza- 1179

tion method will remove important patches earlier, 1180

leading to a sharper drop in the token’s prediction 1181

probability early in the procedure. 1182

As Figure 10 shows, both VaLSe and the atten- 1183

tion maps outperform Grad-CAM from the vision 1184

encoder in the insertion setting, achieving higher 1185

area under the curve (AUC) values and earlier rises 1186

in their respective curves. Notably, the curves do 1187

not exhibit a consistent trend when removing or 1188

inducing patches, primarily due to the presence of 1189

tokens preceding the visualization token, and pos- 1190

sibly also due to the large number of parameters 1191

in the LLM. An opposite trend is observed in the 1192

deletion setting, where lower probabilities indicate 1193

that more relevant regions are being removed. 1194

Since VaLSe computes relevance maps by ag- 1195

gregating attention information across all layers, it 1196

achieves more stable and often better performance 1197

than a single-layer attention map. This demon- 1198

strates that VaLSe can effectively utilize internal 1199

attention signals in a model-agnostic manner. 1200

Moreover, we incorporate the IoU metric to test 1201

the object-level precision of different visual inter- 1202

pretation methods. We select the sample in the 1203

right column and the third row, which includes a 1204

man surfing on a wave in the ocean, and test the 1205

IoU value calculated by the bbox of the labeled 1206

object and the generated contribution maps. With 1207

an average deletion and insertion across all eight 1208

figures in Figure 10. The results are shown in Ta- 1209

ble 7. The results show that our method achieves a 1210

higher performance compared to others. 1211

G.1 The effect of removing artifacts in VaLSe 1212

In this subsection, we present additional results 1213

to demonstrate the alignment between the expla- 1214

nations and the actual object regions, particularly 1215

since the artifacts are regions unrelated to the ob- 1216

15
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Prompt: Is the needle facing up or down from the 

camera's perspective?

Response: The needle is facing up from the camera's 

perspective.

Prompt: Are there any blueberries in the image or not?

Response: Yes, there are blueberries in the image.

Prompt: Does the image contain one eye or both eyes of the 

cat?

Response: The image contains both eyes of the cat.

Prompt: Is the dog's ears are erect or drooping?

Response: The dog's ears are erect.

Prompt: Please describe the image for short.

Response: The image features a living room with a blue 

couch, a chair, and a dining table. The room is decorated 
with a zebra print and has a large mirror on the wall. There 
are several books scattered around the room, and a vase 
with flowers is placed on the dining table.

Prompt: How many chests are in the image?

Response: There are two chests in the image.

Prompt: How many pillows are in the image?

Response: There are two pillows in the image.

Prompt: Which is the main topic of the image?

Response: The main topic of the image is a man surfing on 

a wave in the ocean.

Figure 10: Insertion and deletion curves on 8 samples using three different visualization methods on LLaVA-1.5.

ject.1217

Based on previous results, we see that the pro-1218

posed visual interpretation method indeed facili-1219

tates the mitigation of OH. We have incorporated1220

the IoU metric to evaluate how well the explana-1221

tions align with the actual object regions. Addition-1222

ally, we incorporate metrics known as normalized1223

deletion and insertion scores, as described in (Pet-1224

siuk et al., 2018), to assess the quality of contribu-1225

tion maps.1226

Specifically, we compute the IoU between the1227

bounding box of the target object and the gener-1228

ated contribution maps with and without artifacts1229

(Considering the CHAIR samples are selected from1230

COCO, the samples indeed have bounding boxes1231

corresponding to the target objects in the image). 1232

The results are shown in Table 8. 1233

Since artifacts tend to have disproportionately 1234

high activations but are limited in number, their 1235

presence does not result in significant changes to 1236

the IoU metric. Therefore, to provide a more com- 1237

prehensive assessment, we present all related eval- 1238

uation metrics together here, including the CHAIR 1239

score and the Deletion and Insertion scores, from 1240

which we see that removing artifacts indeed im- 1241

proves the VaLSe. 1242
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Method Deletion↓ Insertion↑ IoU

Attention map 0.4576 0.6436 0.1062
ViT-Gradcam 0.4241 0.5889 0.0412
Llama-GradCAM(Zhang et al., 2024a) 0.4153 0.6244 0.1178
LVLM-WLook(Xing et al., 2025) 0.4140 0.6003 0.1221
VaLSe 0.2795 0.8074 0.3012

Table 7: Quantitative comparison of interpretation methods in terms of Deletion, Insertion and IoU.

IoU↑ Deletion↓ Insertion↑ CS ↓ CI ↓ F1

VaLSe with Artifacts 0.2706 0.2841 0.8006 14.6 4.8 71.1
VaLSe 0.3012 0.2795 0.8074 13.8 4.6 71.6

Table 8: Evaluation for VaLSe with and without artifacts.

G.2 Using heatmaps to observe the black-box1243

interaction of models1244

To illustrate the information flow of internal model1245

interactions across different layers in the VLM, fol-1246

lowing (Zhang et al., 2024a), we select a sample1247

from the Figure 10, depicting a man surfing on a1248

wave in the ocean. We use the IoU to give a nu-1249

merical result for the distribution of heatmaps with1250

LLaVA-1.5-7b. We extract the contribution maps1251

to the target object, and calculate the corresponding1252

IoU values between the heatmaps and the ground1253

truth labeled bbox.1254

As shown in Table 9, the high-relevance regions1255

evolve across layers. From layer 0 to 15, the fo-1256

cus gradually shifts from image tokens near the1257

text prompt to the target objects, with layer 121258

achieving the highest IoU with the ground-truth1259

bounding box. Beyond this stage (layers 15–31),1260

the heatmaps condense to smaller regions, captur-1261

ing the most discriminative features of the objects1262

while integrating visual and textual information.1263

This progression is consistent with the pattern re-1264

ported in (Zhang et al., 2024a), further highlighting1265

the intra-model interactions between vision and1266

language.1267

H Gradio Demo for LVLM Visualization1268

To intuitively demonstrate our method, we develop1269

an interactive Gradio9 demo for case studies, as1270

illustrated in Figure 12. The demo comprises three1271

main components: a chatbot interface, a logits1272

viewer, and a visualization module.1273

The visualization module is divided into two1274

9https://www.gradio.app/

Layer
index

IoU (VaLSe
with Artifacts)

IoU
(VaLSe)

0 0.0000 0.0000
7 0.1437 0.1740
12 0.3210 0.3606
13 0.3178 0.3566
15 0.2728 0.2993
23 0.2801 0.3071
31 0.2706 0.3012

Table 9: IoU of visualization heatmaps for a sample
across different layers.

sections. The upper section presents raw re- 1275

sults generated using a similar method to LVLM- 1276

Interpret (Stan et al., 2024b), including LLM layer 1277

selection, visual relevance maps, and token-level 1278

text relevance scores. 1279

The left part of the lower section shows a PCA- 1280

based analysis of hidden states corresponding to 1281

image token indices across LLM layers. Empiri- 1282

cally, in the middle-to-late layers, tokens with dis- 1283

tinct orientations in the PCA space are indicative 1284

of potential artifacts. 1285

On the right side, two de-artifacting strategies 1286

from VaLSe are provided. These methods aim to 1287

revise artifact-prone token regions by referencing 1288

non-semantic tokens (e.g., <s>, <|endoftext|>). 1289

The first method allows users to control the number 1290

of tokens to be replaced, while the second adjusts 1291

the replacement based on the cumulative relevance 1292

score ratio. To improve visual clarity when a large 1293

number of tokens are modified, a Gaussian filter is 1294

applied. 1295
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Real-world application. With the Gradio, our1296

visualization system can be deployed in real-world1297

scenarios using a webcam. Figure 11 shows an1298

example captured in our lab. Using the webcam,1299

we can perform visualization tests in open-world1300

settings.1301

Figure 11: Real-world applications of the proposed
system.

I Additional Visualization Examples1302

We provide additional visualization examples for1303

four LVLMs using VaLSe. As shown in Figure 131304

and Figure 14, each model response contains three1305

highlighted words (in red). Visualizations corre-1306

sponding to these words are presented in the im-1307

ages below the response, in the same order as the1308

highlighted words.1309

J Cases of OH Mitigation1310

Figure 15 presents representative examples from1311

LLaVA-Bench where VaLSe effectively mitigates1312

object hallucinations (OH).1313
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Figure 12: Gradio Demo of VaLSe for LLaVA-v1.5-7b Visualization.
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Prompt: Describe the 

image for short.

MiniGPT-4: The image is a white sign with the words "one way" 

written on it in black letters. The sign is mounted on a brick wall 
next to a sidewalk. There are no other buildings or objects visible 
in the image.

LLaVA-Phi: The image features a one-way street sign with a 

drawing of a person pointing to the left. The sign is placed on a 
pole near a building, which is located in a grassy area. There is a 
bench situated close to the sign, and a car can be seen parked 
further back in the scene.

LLaVA-1.5: The image features a street sign with a pointing 

arrow, indicating a one-way street. The sign is located near a 
building, and there is a bench situated in the foreground. The 
scene also includes a car parked in the background, and a potted 
plant can be seen close to the bench.

Qwen2-VL: The image shows a "One Way" street sign pointing 

to the left, mounted on a pole. In the background, there is a 
building with a white brick wall and a red chimney. The building 
has large windows and a sign that reads "Design Copy Print 
World." There is also a bench and some greenery in the 
foreground.

Prompt: Describe the 

image for short.

MiniGPT-4: The image shows a street with a sign that says "no 

skateboarding" on it. There are also some palm trees in the 
background.

LLaVA-Phi: The image features a street with several no parking 

signs posted on a pole. There are three signs in total, with one 
sign specifically stating "No Skateboards." The street appears to 
be empty, and there are no cars visible in the scene. The 
presence of these signs indicates that skateboarding is not 
allowed in this area.

LLaVA-1.5: The image features a street scene with a no parking 

sign and a no skateboarding sign posted on a pole. The no 
parking sign is positioned above the no skateboarding sign. There 
are several cars parked along the street, with some closer to the 
foreground and others further away. 

Qwen2-VL: The image shows a street scene with a pole holding 

multiple signs. The signs include a "No Parking" sign with specific 
hours, a "No Skateboards" sign, and another sign with a symbol 
indicating a no littering rule. The street is lined with palm trees, 
and there are street lamps and a few cars in the background.

Figure 13: Additional visualization results for four different LVLMs using VaLSe.
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Prompt: Describe the image.

MiniGPT-4: The image shows a busy highway with cars, buses, 

and trucks driving on it. There are also pedestrians walking on 
the sidewalk and people riding bicycles on the road. The sky is 
clear and blue, with some clouds in the distance. The buildings on 
either side of the road are tall and modern, with large windows 
and balconies. There are also trees and greenery along the side of 
the road.

LLaVA-Phi: The image is a bird's eye view of a busy highway 

filled with traffic. There are numerous cars, buses, and trucks 
traveling in various directions, creating a congested scene. Some 
cars are positioned closer to the camera, while others are further 
away, giving a sense of depth to the image.
In addition to the vehicles, there are several pedestrians visible 
on the sidewalks, some of whom are carrying handbags. A few 
traffic lights can be seen along the highway, helping to manage 
the flow of traffic. The overall atmosphere of the image is one of 
bustling activity and heavy traffic.

LLaVA-1.5: The image depicts a busy city street filled with 

traffic, including cars, buses, and motorcycles. There are multiple 
traffic lights scattered throughout the scene, helping to manage 
the flow of vehicles. The street is bustling with activity, as people 
navigate through the congested area.
In addition to the vehicles, there are several pedestrians walking 
along the sidewalks, contributing to the lively atmosphere of the 
city. The scene captures the essence of urban life, with people 
and vehicles sharing the road and navigating through the 
bustling environment.

Qwen2-VL: The image depicts a busy urban road with multiple 

lanes of traffic. There are various types of vehicles, including cars, 
buses, and trucks, moving in both directions. The road is flanked 
by greenery and has several traffic lights and street signs. In the 
background, there is a bridge with additional traffic. The scene 
suggests a typical day in a bustling city.

Prompt: Describe the image.

MiniGPT-4: The image is a living room with a wooden floor, 

white walls, and a large window on the left side of the room. 
There is a dining table with chairs in the center of the room, 
and a fireplace with a mantle on the right side of the room. The 
room has a wooden ceiling and a large mirror hanging on the 
wall opposite the fireplace.

LLaVA-Phi: The image features a spacious dining room with a 

long wooden dining table in the center. The table is adorned 
with a vase of flowers, adding a touch of elegance to the room. 
There are several chairs surrounding the table, with one chair 
being particularly prominent in the foreground.

LLaVA-1.5: The image features a cozy living room with a dining 

table in the center. The table is surrounded by chairs, and there 
is a vase of flowers placed on it. The room also contains a couch 
and a chair, providing ample seating options. A refrigerator can 
be seen in the background, and a potted plant is placed near the 
table. The room is well-lit, creating a warm and inviting 
atmosphere.

Qwen2-VL: The image depicts a cozy living room with a wooden 

floor, a dining table with chairs, and a fireplace. There is a 
ceiling fan, a lamp, and a mirror on the wall. The room has a 
warm and inviting atmosphere.<|im_end|>

Figure 14: Additional visualization results for four different LVLMs using VaLSe.
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VaLSe: The brand of the yogurt flavored with blueberry is Fage.

LLaVA: The brand of the yogurt flavored with blueberry is Chobani. 

VaLSe: There are strawberries in the left part of the fridge.

Qwen: Yes, there is strawberry-flavored yogurt in the fridge.

Text prompts: Is there any strawberry-flavored yogurt in the fridge?Text prompts: What is the brand of the yogurt flavored with blueberry?

VaLSe: The image consists of two separate panels, each featuring a cartoon man with a funny facial expression, likely representing a frustrated or 
angry person. In the first panel, the man is pointing at a graph, while in the second panel, he is pointing at a different graph. The man's facial 
expression and body language suggest that he is frustrated or upset about the graphs. In both panels, there are graphs or diagrams displayed, 
possibly representing data or information. The man's presence and the graphs suggest that he is discussing or analyzing the data.

LLaVA: The image is a comic strip featuring a man standing in front of a white board with a graph on it. The man is pointing at the graph, which 
appears to be a representation of a stacked layers model. The man is wearing a funny hat, and he seems to be explaining the concept to others. There 
are several people in the scene, with one person standing close to the man and others further away. The comic strip is divided into two panels, with 
the first panel showing the man pointing at the graph and the second panel showing the same scene but with the man pointing in the opposite 
direction.

Text prompts: Give a detailed description of this meme.

VaLSe: The image features a wooden table with four dark purple fruits, possibly pomegranates, cut in half. The fruits are placed on the table, with one 
of them being cut in half and the other three still intact. The cut fruit reveals the white interior, which contrasts with the dark purple exterior. The 
table appears to be a dining table, and the fruits are placed on it, ready to be enjoyed.

LLaVA: The image features a wooden table with a basket of fruit, including a variety of fruits such as apples, oranges, and bananas. There are three 
apples on the table, with one placed near the left side, another in the middle, and the third one on the right side. In addition to the apples, there are 
two oranges on the table, one located in the middle and the other towards the right side. A banana can be seen on the left side of the table, and a 
cluster of grapes is also present, with some grapes placed near the center and others on the right side of the table. The assortment of fruits creates a 
colorful and appetizing display.

Text prompts: Describe this photo in detail.

VaLSe: The image depicts a busy highway filled with heavy traffic, both in the foreground and background. There are numerous cars, trucks, and buses driving on the highway, creating a 
sense of congestion. The traffic appears to be moving in both directions, with some vehicles closer to the foreground and others further back in the scene. The highway is surrounded by 
trees, adding a touch of nature to the urban landscape. The traffic is so dense that the highway appears to be a tunnel, with the vehicles moving in a continuous stream. The scene 
captures the essence of a bustling city and its transportation system.

LLaVA: The image depicts a busy highway at night, filled with heavy traffic. Numerous cars are driving in both directions, occupying the entire width 
of the road. There are also a few trucks among the traffic, adding to the congestion. In addition to the vehicles, there are several pedestrians visible 
in the scene, some of them carrying backpacks. They are scattered throughout the highway, with some close to the edge of the road and others 
further away. The overall atmosphere of the image is bustling and hectic, as people and vehicles navigate the busy highway at night.

Text prompts: Describe this photo in detail.

VaLSe: The image captures a man standing on the back of a yellow taxi cab, holding a blue shirt in his hands. The taxi is driving down a busy city street, with other vehicles such as a truck 
and a car visible in the background. The man appears to be ironing the shirt while standing on the back of the taxi, possibly as a unique way to save space or time.

LLaVA : The image features a man standing on the back of a yellow taxi cab, holding a blue shirt on a clothesline. The taxi is driving down a busy street, 
surrounded by other vehicles. There are two cars in the scene, one on the left side of the taxi and another on the right side. In addition to the taxi, 
there are two trucks visible in the image. One truck is located on the left side of the taxi, and the other truck is on the right side. The busy street and 
the presence of multiple vehicles suggest that the man is likely trying to dry his clothes in a public space.

Text prompts: Describe this photo in detail.

Figure 15: Cases of VaLSe on LLaVA-Bench.
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