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Abstract001

Large Vision-Language Models (LVLMs)002
have achieved remarkable performance on003
diverse vision-language tasks. However,004
LVLMs still suffer from hallucinations, gener-005
ating text that contradicts the visual input. Ex-006
isting research has primarily focused on mit-007
igating object hallucinations, but often over-008
looks more complex relation hallucinations,009
particularly action relations involving interac-010
tions between objects. In this study, we em-011
pirically observe that the primary cause of012
action-relation hallucinations in LVLMs is the013
insufficient attention allocated to visual in-014
formation. Thus, we propose a framework015
to locate action-relevant image regions and016
enhance the LVLM’s attention to those re-017
gions. Specifically, we define the Action-018
Relation Sensitivity (ARS) score to identify at-019
tention heads that are most sensitive to action-020
relation changes, thereby localizing action-021
relevant image regions that contain key visual022
cues. Then, we propose the Relation-aware Vi-023
sual Enhancement (RVE) method to enhance024
the LVLM’s attention to these action-relevant025
image regions. Extensive experiments demon-026
strate that, compared to existing baselines, our027
method achieves superior performance in miti-028
gating action-relation hallucinations with neg-029
ligible additional inference cost. Furthermore,030
it effectively generalizes to spatial-relation hal-031
lucinations and object hallucinations.1032

1 Introduction033

Large Vision-Language Models (LVLMs) (Lu034

et al., 2024; Liu et al., 2024a; Chen et al., 2024d)035

have shown exceptional capabilities across vari-036

ous multimodal applications, ranging from visual037

question answering to complex reasoning. Despite038

these advancements, they are still prone to hallu-039

cinations, generating answers that are inconsistent040

with image content (Chen et al., 2024b; Kaul et al.,041

1The code and data will be released after acceptance.

Object Hallucination

Q: Is there a motorcycle in the image?

A: Yes, there is a motorcycle in the image.

Vanilla LVLM

Object-Centric Methods

A: No, there is a bicycle in the image.

Action-Relation Hallucination

Q: Is a woman riding a bicycle in the image?

A: Yes, the  woman is riding a bicycle.

A: No, the woman is pushing a bicycle.

Object-Centric Methods

Our Method

Figure 1: Comparison between object hallucination
and action-relation hallucination. Existing object-
centric methods effectively mitigate object hallucina-
tions (top), but they fail to mitigate action-relation hal-
lucinations (bottom).

2024; Gunjal et al., 2024). This problem reduces 042

the reliability of LVLMs in practical applications. 043

Numerous methods have been proposed to mit- 044

igate hallucinations in LVLMs. Specifically, sev- 045

eral studies adopt fine-tuning approaches, such 046

as utilizing preference alignment training (Zhao 047

et al., 2023; Sun et al., 2024) and training data 048

refinement (Yu et al., 2024a). To avoid high train- 049

ing costs, other studies propose training-free meth- 050

ods, including modifying output logits (Chen et al., 051

2024c; An et al., 2025) and adjusting internal at- 052

tention (Yin et al., 2025; Jiang et al., 2025). How- 053

ever, these training-free studies are primarily de- 054

signed for object hallucinations and fail to ad- 055

dress action-relation hallucinations. As illustrated 056

in Figure 1, action-relation hallucinations involve 057

not only objects but also complex interactions be- 058

tween them, requiring LVLMs to precisely cap- 059

ture action-relevant visual features. Please see Ap- 060

pendix A for further comparative analysis. 061

In this paper, we aim to mitigate relation hal- 062

lucinations in LVLMs, with a particular focus on 063

action relations. To this end, we first explore the 064
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reason behind action-relation hallucinations. We065

observe that despite image tokens constituting the066

vast majority of the input sequence, they receive067

disproportionately low attention compared to text068

tokens. Inspired by the above observation, we pro-069

pose to enhance the LVLM’s attention to action-070

relevant image tokens to mitigate action-relation071

hallucinations. Specifically, we propose a frame-072

work to first locate action-relevant image regions073

and then enhance the LVLM’s attention towards074

these regions during inference.075

To locate action-relevant image regions, we de-076

fine the Action-Relation Sensitivity (ARS) score077

to measure the sensitivity of each attention head078

to action-relation changes. Visualization results079

verify that attention heads with high ARS scores080

explicitly focus on action-relevant image regions,081

thereby validating the effectiveness of the ARS082

score. Notably, we find that the middle layers have083

higher ARS scores than shallow and deep layers,084

indicating the middle layers are the most sensitive085

to action-relation changes.086

Therefore, we propose the Relation-aware Vi-087

sual Enhancement (RVE) method to enhance mid-088

dle layers’ attention toward action-relevant image089

regions, thereby mitigating action-relation halluci-090

nations. Specifically, for each selected layer, we091

construct an enhancement mask based on atten-092

tion heads with high ARS scores to locate action-093

relevant image regions. Besides, we observe that094

attention heads with low ARS scores often capture095

background noise common to all attention heads.096

Thus, we construct a denoising mask to locate097

these action-irrelevant image regions that should098

not be enhanced. Finally, we apply these masks to099

the attention maps of all heads within the selected100

layer to amplify focus on action-relevant regions.101

Our main contributions are as follows:102

• We define the ARS score to quantify the sensitiv-103

ity of attention heads to action-relation changes.104

Leveraging this score, we reveal that middle lay-105

ers are most sensitive to action-relation changes.106

• We propose the training-free RVE method to en-107

hance attention on action-relevant regions while108

reducing the interference of background noise.109

• Extensive experiments demonstrate that our110

method can effectively mitigate action-relation111

hallucinations while generalizing to spatial-112

relation and object hallucinations, with negligi-113

ble additional inference cost.114
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Figure 2: Attention weights (in the log space) of the
last token allocated to the entire input sequence. Re-
sults reveal that the attention allocated to text tokens is
approximately 10 to 100 times that of image tokens.

2 Preliminaries and Motivation 115

LVLM Generation. Given an input text T = 116

{t1, . . . , tNT
} comprising NT text tokens and an 117

input image I = {v1, . . . , vNI
} comprising NI 118

image tokens, an LVLM employs a visual encoder 119

followed by a modality connector to transform the 120

input image tokens into visual embeddings Xv ∈ 121

RNI×d, where d denotes the embedding dimen- 122

sion. For the text, a tokenizer converts the input 123

text into text tokens, followed by an embedding 124

module to obtain text embeddings Xt ∈ RNT×d. 125

Subsequently, the LLM backbone processes the 126

concatenated embeddings of Xv and Xt to autore- 127

gressively generate the next tokens. 128

Multi-Head Attention. The LLM backbone re- 129

lies on the multi-head attention mechanism to in- 130

tegrate visual and textual information from in- 131

put embeddings. For the h-th head (where h = 132

1, . . . , H) in the l-th layer, we denote the full at- 133

tention weights of the last token with respect to 134

all input tokens as W (l,h) ∈ R1×N , where N = 135

NT +NI . We then obtain attention weights corre- 136

sponding to the image tokens, denoted as A(l,h) ∈ 137

R1×NI , and the corresponding pre-softmax atten- 138

tion scores S(l,h) ∈ R1×NI . 139

Motivation. To investigate the underlying causes 140

of action-relation hallucinations, we analyze the 141

attention distribution of LLaVA-1.5-7B over the 142

entire input sequence during the generation pro- 143

cess. As illustrated in Figure 2, our observations 144

reveal a severe modality imbalance: the attention 145

allocated to text tokens is approximately 10 to 100 146

times that allocated to image tokens. This suggests 147

that the model may rely heavily on language priors 148

while overlooking the visual information. 149

To further quantify such imbalance of attention 150

weights, let T denote the set of text token indices 151
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and I denote the set of image token indices. We152

quantify the ratio of attention allocated to text to-153

kens and the ratio for vision tokens as follows:154

r
(l),t
att =

∑
i∈T W

(l)
1,i∑N

j=1W
(l)
1,j

, r
(l),v
att =

∑
i∈I W

(l)
1,i∑N

j=1W
(l)
1,j

,

(1)155

where W (l) = 1
H

∑H
h=1W

(l,h). We also calculate156

the number ratio of text tokens and the number ra-157

tio of vision tokens as follows:158

rtnum =
NT

N
, rvnum =

NI

N
. (2)159

As illustrated in Figure 3, the attention allocated160

to image tokens is markedly lower than that given161

to text tokens, despite image tokens constituting162

the vast majority (rvnum = 87.8%) of the input se-163

quence. Specifically, with the exception of the two164

layers closest to the input, the attention allocated165

to image tokens in the subsequent layers ranges166

from 4.2% to 16.4%, significantly lower than that167

allocated to text tokens. This further validates that168

during inference, the LVLM’s focus on visual in-169

put is insufficient, leading to an output distribution170

biased towards language priors.171

Based on these observations, we assume that172

the primary cause of action-relation hallucinations173

in LVLMs is the insufficient attention allocated to174

visual information. Therefore, we posit that en-175

hancing the LVLM’s attention towards action-176

relevant image tokens is essential to mitigate177

action-relation hallucinations. For instance, as178

illustrated in Figure 1, it is essential to enhance the179

attention specifically on the hand regions, which180

are highly relevant to the “pushing” action verb.181

To achieve this, we confront two key challenges:182

Challenge 1: How to locate action-relevant image183

regions? Prior research has revealed that attention184

heads in LLMs exhibit functional specialization,185

such as retrieval heads for extracting relevant infor-186

mation from long contexts (Basile et al., 2025; Wu187

et al., 2024b). Inspired by these insights, we aim188

to identify the attention heads that are sensitive to189

action-relation changes. Subsequently, we locate190

the highly activated regions within these attention191

heads and select them as the action-relevant image192

regions. Please see Section 3.1 for details.193

Challenge 2: How to effectively steer the LVLM’s194

focus toward action-relevant image regions? We195

propose to amplify the attention weights corre-196

sponding to these action-relevant image regions,197

while reducing the interference of irrelevant back-198

ground noise. This enables the model to focus199
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Figure 3: Analysis of the input token number ratios
(rtnum, r

v
num) and attention allocation ratios (rtatt, r

v
att).

While image tokens comprise 87.8% of the input se-
quence, their attention is disproportionately low.

more on action-relevant image information during 200

inference, thereby mitigating action-relation hallu- 201

cinations. Please see Section 3.2 for details. 202

3 Method 203

To address these two key challenges, we propose a 204

training-free framework to mitigate action-relation 205

hallucinations in LVLMs. As illustrated in Fig- 206

ure 4, the proposed framework comprises two 207

modules: the action-relation-sensitive head iden- 208

tification module (Section 3.1) and the relation- 209

aware visual enhancement module (Section 3.2). 210

3.1 Action-Relation-Sensitive Head 211

Identification 212

To identify the attention heads that are sensi- 213

tive to action relations, we first construct action- 214

contrastive pairs. Specifically, given an input pair 215

consisting of an image I and a text T , we generate 216

a contrastive text T̂ by substituting the action verb 217

in T with a semantically distinct alternative. For 218

example, given the input text “Does a man hold a 219

surfboard,” we change the verb “hold” to “ride,” 220

thereby creating a contrastive query, as shown in 221

Figure 4. We utilize GPT-5 to automatically gener- 222

ate these contrastive samples.1 For further details 223

regarding the generation process and more exam- 224

ples, please see the Appendix B. Through this pro- 225

cess, we construct input pairs (I, T ) and (I, T̂ ) 226

that differ only in the verb. In this way, for the 227

h-th head in the l-th layer, we obtain the visual at- 228

tention weights A(l,h) and Â(l,h) corresponding to 229

the inputs (I, T ) and (I, T̂ ), respectively. 230

To evaluate the sensitivity of attention heads 231

to action-relation changes, we propose the follow- 232

ing metric to quantify the divergence in attention 233

distributions, which is termed the Action-Relation 234
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Figure 4: Overview of the proposed framework, consisting of two core components: (Top) Action-Relation-
Sensitive Head Identification, which calculates ARS scores to identify attention heads critical for action-relation
reasoning; and (Bottom) Relation-Aware Visual Enhancement, which leverages these attention heads to enhance
action-relevant image regions during inference.
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Figure 5: Distribution of ARS score values across lay-
ers and heads. Results indicate that the middle layers
display high sensitivity to action-relation changes.

Sensitivity (ARS) score. Formally, the ARS score235

for the h-th head in the l-th layer is defined as:236

ARS(l,h) =
∥A(l,h) − Â(l,h)∥F

1
2

(
∥A(l,h)∥F + ∥Â(l,h)∥F

) , (3)237

where ∥ · ∥F denotes the Frobenius norm, and the238

denominator is introduced for normalization. Fig-239

ure 5 visualizes the distribution of ARS scores240

across all layers and attention heads. Results241

demonstrate a layer-wise pattern: attention heads242

within the middle layers exhibit notably higher243

ARS scores, whereas attention heads in shallow244

and deep layers display significantly lower scores.245

This observation suggests that the middle layers246

are more sensitive to action-relation changes.247

Verifying the effectiveness of ARS scores. We vi- 248

sualize the attention maps of various heads within 249

middle layers. If attention heads with high ARS 250

scores indeed focus more on action-relevant image 251

regions, then we can conclude that the ARS score 252

effectively reflects the sensitivity to action-relation 253

changes. Figure 6 displays the attention maps of 254

the top-3 heads with the highest ARS scores and 255

the bottom-3 heads with the lowest ARS scores in 256

the middle layer. Results show that attention heads 257

with the highest ARS scores focus on the image re- 258

gions of the hand, which correspond to the action- 259

relevant word “point.” In contrast, the heads with 260

the lowest ARS scores tend to focus on irrelevant 261

regions. Such qualitative analysis verifies that the 262

ARS score effectively reflects the sensitivity of at- 263

tention heads to action-relation changes. Please 264

see Section 4.2 for more verification of the effec- 265

tiveness of ARS scores. 266

3.2 Relation-Aware Visual Enhancement 267

Building on the previous analysis, we propose the 268

RVE method to amplify the LVLM’s attention to- 269

wards action-relevant image regions by modify- 270

ing the pre-softmax attention scores S(l,h). As 271

illustrated in Figure 6 (top), the action-relevant 272

regions are primarily identified by the action- 273

relation-sensitive heads. We also observe that 274

action-relation-sensitive heads capture not only 275
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Sensitive Heads

(Top Row)

Non-Sensitive Heads

(Bottom Row)

Image Layer 14 Head 2 Layer 14 Head 20 Layer 14 Head 9 

Layer 14 Head 8 Layer 14 Head 14 Layer 14 Head 31 Image

Does a man point at 

food in the image?

Figure 6: Visualization of attention maps at Layer 14 of LLaVA-1.5-7B. Sensitive heads (top) localize image
regions relevant to the "point" action, while non-sensitive heads (bottom) focus on background noise, validating
the effectiveness of ARS score.

action-relevant regions (e.g., fingers) but also276

action-irrelevant regions (e.g., clothing). Notably,277

these irrelevant regions are also captured by non-278

sensitive heads, as shown in Figure 6 (bottom). To279

avoid enhancing these irrelevant regions, we con-280

struct two attention masks to determine which im-281

age tokens require enhancement and which should282

be excluded.283

Attention mask construction. Let H(l)
sens(K) de-284

note the set of the top-K heads with the high-285

est ARS scores, termed sensitive heads, and286

H
(l)
non(K) denote the set of the bottom-K heads287

with the lowest ARS scores, termed non-sensitive288

heads. Based on these sets, we compute the av-289

eraged attention scores for the sensitive heads as290

S̄
(l)
sens = E

h∈H(l)
sens

[S(l,h)] ∈ R1×NI , and for the291

non-sensitive heads as S̄
(l)
non = E

h∈H(l)
non
[S(l,h)] ∈292

R1×NI . Then, we construct an enhancement mask293

M
(l)
enh ∈ {0, 1}NI and a denoising mask M

(l)
den ∈294

{0, 1}NI as follows:295

M
(l)
enh[i] =

{
1, if S̄(l)

sens[i] ≥ τsens

0, otherwise
,

M
(l)
den[i] =

{
1, if S̄(l)

non[i] ≥ τnon

0, otherwise
,

(4)296

where τsens and τnon are the values of the m-th297

largest elements in S̄
(l)
sens and S̄

(l)
non, respectively.298

Here, m = ⌊α · NI⌋ is the number of selected to-299

kens determined by the ratio α. In this way, the en-300

hancement mask and the denoising mask are con-301

structed to select the top-m image tokens in S̄
(l)
sens302

and S̄
(l)
non, respectively.303

To precisely locate action-relevant visual cues304

while avoiding the interference of background305

noise, we define the target mask M
(l)
target as follows: 306

M
(l)
target = M

(l)
enh ⊙ (1−M

(l)
den), (5) 307

where ⊙ denotes the element-wise multiplication. 308

As shown in Figure 4 (bottom), the enhance- 309

ment mask M
(l)
enh identifies both the mouth regions 310

and three background regions as candidates for at- 311

tention enhancement. Meanwhile, the denoising 312

mask M
(l)
den identifies these three background re- 313

gions as noise that should not be enhanced. In 314

this way, the target mask M
(l)
target exclusively en- 315

hances the regions truly relevant to the action re- 316

lation (i.e., the mouth regions) without amplifying 317

action-irrelevant image regions. 318

Relation-aware visual enhancement. Finally, for 319

each attention head h in layer l, we utilize the tar- 320

get mask M
(l)
target to enhance the attention scores 321

towards action-relevant image regions: 322

S̃(l,h) = S(l,h) + β · (|S(l,h)| ⊙M
(l)
target), (6) 323

where β > 0 is the enhancement coefficient. 324

4 Experiments 325

LVLMs and Benchmarks. We conduct experi- 326

ments on five LVLMs: LLaVA-1.5-7B, LLaVA- 327

1.5-13B (Liu et al., 2024b), LLaVA-NeXT- 328

7B (Liu et al., 2024c), ShareGPT4V-7B (Chen 329

et al., 2024a), and InstructBLIP-7B (Dai et al., 330

2023). To comprehensively evaluate the ef- 331

fectiveness and generalizability of our method, 332

we conduct experiments under four evaluation 333

scenarios: discriminative action-relation hallu- 334

cination, generative action-relation hallucination, 335

spatial-relation hallucination, and object halluci- 336

nation. We compare our RVE method with four 337
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Benchmark Method
LLaVA-1.5-7B LLaVA-NeXT-7B InstructBLIP-7B ShareGPT4V-7B LLaVA-1.5-13B
Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

MMRel†
(Real)

Vanilla 71.12 77.32 70.58 77.21 65.47 74.32 72.96 78.44 74.51 79.33
+ VCD 64.67 73.83 68.86 76.30 68.97 79.62 73.15 78.48 71.80 77.77
+ ICD 73.30 78.54 70.79 77.34 61.10 71.99 72.31 78.07 74.06 79.01
+ VAF 68.02 75.63 69.62 76.68 62.70 72.91 69.84 76.74 72.52 78.22
+ Ours 78.08 81.10 77.39 81.23 78.56 79.63 76.44 80.47 78.36 81.73

MMRel
(DALL-E)

Vanilla 69.06 73.28 67.54 74.67 69.65 75.19 69.06 74.86 72.44 77.55
+ VCD 62.97 72.45 62.46 72.86 71.09 75.43 70.16 75.05 67.54 75.26
+ ICD 69.57 72.35 67.62 74.79 67.29 73.44 68.81 74.53 71.77 77.19
+ VAF 67.54 73.84 66.78 74.36 68.47 75.31 67.79 74.31 70.84 77.02
+ Ours 71.60 75.07 70.58 75.00 72.78 75.64 72.53 75.62 75.23 78.31

R-Bench†

(Image)

Vanilla 78.05 85.34 83.05 87.83 81.74 87.31 80.47 86.73 82.76 87.38
+ VCD 78.62 85.54 82.50 87.49 81.35 86.87 81.40 86.98 81.36 86.23
+ ICD 72.74 82.26 82.98 87.76 81.66 87.20 74.80 83.22 82.55 87.20
+ VAF 77.69 85.23 82.89 87.76 81.38 87.24 79.81 86.38 82.89 87.53
+ Ours 79.10 85.64 83.50 88.13 82.48 87.59 81.84 87.45 83.26 87.76

R-Bench
(Instance)

Vanilla 62.94 73.45 64.59 83.15 66.70 77.57 66.37 76.54 69.12 79.37
+ VCD 68.65 79.76 72.87 83.03 67.30 78.15 69.77 79.77 70.05 80.43
+ ICD 59.22 69.83 68.50 78.80 68.53 79.33 66.25 76.40 69.01 79.30
+ VAF 67.69 77.61 73.22 83.35 68.05 79.00 68.95 79.10 70.45 80.67
+ Ours 74.46 84.97 74.46 84.56 70.64 81.20 75.86 86.00 75.73 85.60

AMBER
(Relation)

Vanilla 58.41 45.43 62.62 53.86 68.87 75.26 67.13 61.61 73.44 71.92
+ VCD 60.46 50.75 55.83 39.90 69.41 76.24 69.83 66.67 73.32 72.28
+ ICD 59.38 47.43 61.06 50.91 68.39 77.09 68.09 63.15 73.20 71.63
+ VAF 62.86 54.63 66.47 60.65 68.81 76.86 70.79 67.69 73.56 72.60
+ Ours 71.81 74.85 75.24 75.21 73.32 78.80 76.86 76.60 81.25 83.32

† We focus our evaluation on the action-relation subsets for these benchmarks. For spatial-relation, please refer to Table 3.

Table 1: Performance comparison of vanilla LVLMs and different training-free mitigation methods on action-
relation hallucinations across MMRel, R-Bench, and AMBER benchmarks. Please see Appendix F for case studies.

benchmarks: MMRel (Nie et al., 2024), R-338

Bench (Wu et al., 2024a), and AMBER (Wang339

et al., 2024a) for relation hallucination evaluation,340

and POPE (Li et al., 2023) for object hallucina-341

tion evaluation. For each scenario, the specific342

benchmarks and their corresponding subsets are343

presented in Tables 1, 2, 3, and 4. For detailed344

descriptions of these subsets, please refer to Ap-345

pendix C.346

Baselines and Experimental Settings. We com-347

pare our method against vanilla LVLMs and three348

training-free mitigation methods (VCD (Leng349

et al., 2024), ICD (Wang et al., 2024b), and350

VAF (Yin et al., 2025)) applied to each vanilla351

model. Note that these three mitigation methods352

are originally designed for object hallucinations.353

To the best of our knowledge, there are currently354

no methods specifically designed for mitigating355

action-relation hallucinations. Regarding hyperpa-356

rameters, we uniformly set K = 5 and β = 1.0357

across all models. We set α to 0.05 for the LLaVA358

series and ShareGPT4V, and 0.5 for InstructBLIP.359

Please see Section 4.2 for detailed analysis.360

Model MMRel (Real) MMRel (DALL-E)

Vanilla Ours Vanilla Ours

LLaVA-1.5-7B 7.84 7.91 6.76 6.89
LLaVA-NeXT-7B 8.15 8.21 7.15 7.32
InstructBLIP-7B 6.19 6.28 7.41 7.47
ShareGPT4V-7B 8.18 8.26 6.87 7.06

Table 2: LLM-assisted open-ended evaluation on MM-
Rel (Real) and MMRel (DALL-E).

4.1 Main Results 361

Performance on action-relation hallucinations. 362

Results in Table 1 demonstrate that our method 363

achieves consistent performance gains across all 364

evaluated LVLMs and benchmarks, with relative 365

accuracy improvements over the vanilla baseline 366

ranging from 0.54% to 22.94%. Notably, our RVE 367

method generalizes well across real and synthetic 368

domains on MMRel, while maintaining effective- 369

ness across different granularities on R-Bench. 370

Furthermore, the consistent gains observed on 371

both 7B and 13B models demonstrate the scalabil- 372

ity and generalization of our RVE method. 373
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Model Method MMRel R-Bench

Real DALL-E Image Instance

LLaVA-1.5-7B Vanilla 50.25 50.41 78.21 60.85
+ Ours 54.61 54.05 79.08 75.19

LLaVA-NeXT-7B Vanilla 52.49 50.58 79.35 63.51
+ Ours 54.22 54.30 81.13 76.29

InstructBLIP-7B Vanilla 49.90 51.82 77.62 69.12
+ Ours 54.02 54.63 79.21 77.39

ShareGPT4V-7B Vanilla 53.01 53.31 79.67 64.61
+ Ours 57.35 55.37 80.31 77.30

Table 3: Verifying the generalization of our RVE
method to spatial-relation hallucinations.

Method Random Popular Adversarial

Acc F1 Acc F1 Acc F1

Vanilla 87.07 85.50 85.83 84.33 82.97 81.26
VCD 88.37 87.91 86.20 85.98 83.33 82.02
VAF 88.30 87.29 86.77 86.11 83.72 83.05
Ours 88.63 87.51 87.17 86.59 83.65 82.45

Table 4: Verifying the generalization of our RVE
method to object hallucination. We report results on
the three negative sampling settings of the POPE bench-
mark evaluated on MS-COCO, using LLaVA-1.5-7B.

Performance on open-ended generation tasks.374

In addition to discriminative metrics (accuracy and375

F1 scores), we evaluate the generative quality of376

the models using GPT-5-mini scoring (scale 0–377

10); please see Appendix D for details. As Table 2378

shows, our method achieves higher quality scores379

across all architectures compared to the vanilla380

baseline. This demonstrates that our method effec-381

tively mitigates hallucinations without degrading382

the LVLM’s generation capability.383

Verifying generalization to spatial-relation hal-384

lucinations. As shown in Table 3, our method con-385

sistently outperforms the vanilla baseline across386

all LVLMs on spatial-relation hallucinations. No-387

tably, our method achieves consistent performance388

gains with relative improvements over the vanilla389

baseline ranging from 0.80% to 23.57%, validat-390

ing the generalization capability of our method to391

spatial-relation hallucinations.392

Verifying generalization to object hallucina-393

tions. While our RVE method is designed to mit-394

igate action-relation hallucinations, we further ex-395

plore its generalizability to object hallucinations.396

As Table 4 shows, our method achieves competi-397

tive or superior performance on the POPE bench-398

mark against the vanilla baseline and other object-399

hallucination mitigation methods. These findings400

effectively validate the generalization capability of401

our method in mitigating object hallucinations.402

Strategy LLaVA-1.5 InstructBLIP
Global Sens. Denoise Acc F1 Acc F1

71.12 77.32 65.47 74.32

✓ 73.78 78.78 67.29 74.88
✓ 74.88 79.37 69.47 74.65

✓ ✓ 74.06 78.98 70.12 76.79
✓ ✓ 78.08 81.10 78.56 79.63

Table 5: Ablation of different enhancement scopes
(global and sensitive-only) and the denoising mask on
the real image subset of MMRel. See Appendix E for
ablations on more models.

Token Selection Ratio α Token Selection Ratio α

A
cc

u
ra

cy

A
cc

u
ra

cy

LLaVA-1.5-7B InstructBLIP-7B

Figure 7: Impact of the selection ratio α on LLaVA-1.5-
7B and InstructBLIP-7B evaluated on the real image
subset of MMRel.

4.2 Ablation and Further Analysis 403

Impact of global enhancement. In Equation (6), 404

we apply our RVE method to all attention heads in 405

the target layer. In this experiment, we explore 406

whether enhancing all heads (termed Global) is 407

more effective than enhancing only the sensitive 408

heads (termed Sensitive-only), where we select the 409

top 50% of heads ranked by the ARS score. As Ta- 410

ble 5 shows, under identical conditions, the Global 411

enhancement consistently outperforms Sensitive- 412

only. This indicates that aligning non-sensitive 413

heads with sensitive ones further strengthens the 414

LVLMs focus on action-relevant regions. 415

Impact of denoising mask. As Table 5 shows, our 416

RVE method with the denoising mask consistently 417

exhibits higher accuracy than the method without 418

it. This proves the effectiveness of the denoising 419

mask in preventing attention from being diverted 420

to action-irrelevant regions. 421

Impact of hyperparameters. Figure 7 illustrates 422

sensitivity to the selection ratio α across differ- 423

ent architectures. For LLaVA-1.5-7B, the perfor- 424

mance peaks at α = 0.05, indicating that a small 425

fraction of critical tokens suffices to capture ac- 426

tion semantics given its large number of image to- 427

kens. In contrast, InstructBLIP-7B requires a sig- 428

nificantly higher selection ratio, achieving optimal 429

performance at α = 0.5. We attribute this discrep- 430
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Figure 8: Results on LLaVA-1.5-7B. (a) Impact of the
enhancement coefficient β on performance. (b) Impact
of the number of selected heads K on performance.

ancy to the Q-Former compressing visual features431

into only 32 image tokens, thus requiring a larger432

retention proportion to preserve sufficient action433

information. Regarding the enhancement coeffi-434

cient β, as shown in Figure 8 (a), performance435

steadily improves to a peak at β = 1.0. A gradual436

decline is observed thereafter, suggesting that ex-437

cessive enhancement distorts the original feature438

distribution and diminishes the LVLM’s attention439

to necessary contextual information. As Figure 8440

(b) shows, performance reaches a peak when the441

number of selected heads K = 5. Notably, the per-442

formance remains stable across different values of443

K and consistently outperforms the vanilla base-444

line, validating the effectiveness of our ARS score445

in identifying action-relevant heads.446

Verifying the effectiveness of selected sensitive447

heads. As Figure 9 (a) shows, masking randomly448

selected heads results in a slow performance de-449

cline, whereas masking the sensitive heads identi-450

fied by the ARS score leads to a sharp accuracy451

drop. This significant gap confirms that the ARS452

score effectively locates the specific heads critical453

for action-relation understanding.454

Inference speed. We further compare the infer-455

ence latency of our method with baselines in Fig-456

ure 9 (b). Methods like VCD and ICD double457

latency due to additional computational require-458

ments. In contrast, our method maintains a speed459

comparable to the vanilla baseline, demonstrating460

that our method achieves effective hallucination461

mitigation with negligible extra inference cost.462

5 Related Works463

Large Vision-Language Models. LVLMs464

have achieved remarkable success in multimodal465

tasks (Caffagni et al., 2024; Li et al., 2025). These466

models typically comprise a vision encoder, a467

modality connector, and a pretrained LLM. Repre-468

Methods
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Figure 9: (a) Comparison of masking sensitive heads
and random heads. (b) Inference latency per example
across different methods.

sentative models employ diverse alignment strate- 469

gies, including MLP-based projectors in LLaVA- 470

1.5 (Liu et al., 2024b) and Q-Formers in Instruct- 471

BLIP (Dai et al., 2023). Despite their impres- 472

sive capabilities, these LVLMs still suffer from 473

severe hallucinations, limiting their reliability in 474

real-world applications. 475

Hallucination in LVLMs. Hallucination in 476

LVLMs refers to inconsistencies between visual 477

inputs and generated responses (He et al., 2025). 478

Several approaches aim to mitigate hallucinations 479

via reinforcement learning (Zhao et al., 2023; Yu 480

et al., 2024b), data refinement (Yu et al., 2024a), 481

or post-hoc revisers (Zhou et al., 2023). However, 482

these methods incur high training costs. In con- 483

trast, training-free methods like OPERA (Huang 484

et al., 2024) and Contrastive Decoding (e.g., 485

VCD (Leng et al., 2024), ICD (Wang et al., 486

2024b)) offer lightweight solutions by adjusting at- 487

tention or decoding distributions during inference. 488

Nevertheless, existing methods mostly focus on 489

mitigating object hallucinations, overlooking the 490

more intricate issue of action-relation hallucina- 491

tions (Zheng et al., 2025; Wu et al., 2024a). Conse- 492

quently, we propose a training-free framework to 493

mitigate action-relation hallucinations. 494

6 Conclusion 495

In this paper, we propose a training-free frame- 496

work to mitigate action-relation hallucinations in 497

LVLMs. Specifically, we define the ARS score to 498

identify action-relation-sensitive attention heads 499

and propose the RVE method to enhance atten- 500

tion toward action-relevant image regions. Ex- 501

tensive experiments across multiple benchmarks 502

and LVLMs demonstrate that our method not 503

only outperforms baselines in mitigating action- 504

relation hallucinations but also effectively gener- 505

alizes to spatial-relation and object hallucinations, 506

with negligible additional inference cost. 507

8



Limitations508

While our proposed framework effectively miti-509

gates action-relation hallucinations with negligi-510

ble additional inference cost, it exhibits certain511

limitations. First, since our method involves di-512

rectly adjusting the LVLM’s attention, it requires513

access to the LVLM’s internal layers and represen-514

tations. This restricts its applicability to closed-515

source models where only API-level access is516

available. Second, the optimal selection of layers517

for enhancement may vary across different model518

architectures and tasks to achieve optimal perfor-519

mance. Developing adaptive mechanisms that au-520

tomatically determine the target layers based on521

dynamic metrics, such as generation confidence or522

attention entropy, remains a promising direction523

for future research.524

Broader Impact and Ethics Statement525

Our research focuses on mitigating action-relation526

hallucinations to enhance the reliability and truth-527

fulness of LVLMs. We evaluate our method us-528

ing publicly available datasets and LVLMs across529

multiple hallucination-related benchmarks. While530

our method demonstrates promising results, its ef-531

fectiveness is constrained by the inherent capabil-532

ities of the base model, and improper usage may533

adversely affect the model’s performance. To the534

best of our knowledge, our proposed method does535

not introduce additional ethical concerns regard-536

ing data privacy or social bias.537
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Figure 10: Performance comparison between object
and action-relation hallucinations across four LVLMs.

To quantitatively assess the performance dispar-731

ity between object and action-relation understand-732

ing, we conduct a comparative analysis based on733

the R-Bench (Wu et al., 2024a) dataset. We specif-734

ically utilize 1,500 images, each accompanied by735

paired queries designed to evaluate object hallu-736

cination and action-relation hallucination, respec-737

tively. This paired experimental design ensures738

that both tasks are evaluated under identical visual739

contexts, effectively eliminating potential biases740

arising from image complexity or content distribu-741

tion. As illustrated in Figure 10, the results reveal742

a significant performance gap: while the accuracy743

on object queries consistently exceeds 90% across744

all models, the performance on action-relation745

hallucination lags behind by approximately 15%.746

This observation confirms that action-relation hal-747

lucination represents a more severe challenge that748

necessitates dedicated mitigation strategies.749

B Generation of Action-Contrastive750

Image-Text Pairs751

In this section, we describe the pipeline for gener-752

ating action-contrastive image-text pairs.753

B.1 Generation Pipeline754

To construct valid contrastive pairs (I, T̂ ) from755

the original pairs (I, T ), we employ a systematic756

three-stage process leveraging the multimodal ca-757

pabilities of GPT-5. The pipeline is structured as758

follows:759

Stage 1: Initial Candidate Generation. We760

present the original image I and the instruction T761

to the model. As shown in Figure 11 (Prompt 1),762

the model is prompted to identify the body parts 763

(e.g., hands) involved in the original action and 764

propose a candidate verb v′ associated with a dif- 765

ferent body part. For instance, a hand-related ac- 766

tion such as “catch” may be replaced with a foot- 767

related one like “kick”. 768

Stage 2: Verification and Refinement. To verify 769

the candidate verb generated in Stage 1, we sub- 770

mit it to a second validation pass (refer to Prompt 771

2 in Figure 11). This stage confirms whether the 772

new verb strictly targets a distinct body part and 773

remains syntactically compatible with the original 774

context. If the candidate fails this verification, the 775

model automatically regenerates a more suitable 776

replacement. 777

Stage 3: Human Verification. To ensure the qual- 778

ity and reliability of the dataset, we manually re- 779

view all generated pairs. This manual screening 780

filters out instances that exhibit semantic ambigu- 781

ity or remain linguistically unnatural after the au- 782

tomated stages. Only high-quality, unambiguous 783

samples are retained for the final evaluation set. 784

B.2 Comprehensive Examples 785

Original Question Original Verb Contrastive Verb

Does a woman hold bread in the image? hold eat
Does a man point at food in the image? point look
Does a man ride a skateboard in the image? ride hold
Does a player catch a ball in the image? catch kick

Table 6: Action-contrastive samples generated by our
pipeline.

Table 6 presents diverse examples of the gener- 786

ated contrastive samples from our dataset. As ob- 787

served in the table, the original action verbs are re- 788

placed with plausible alternatives that involve dif- 789

ferent body parts (e.g., swapping the hand-related 790

action “catch” with the foot-related action “kick”). 791

This ensures semantic coherence in the generated 792

text while maintaining a clear visual distinction be- 793

tween the image regions relevant to the contrastive 794

verb and the original verb. 795

C Evaluation Benchmarks and Setup 796

In this section, we provide detailed descriptions 797

of the four benchmarks used to evaluate our RVE 798

method. For all evaluations, we employ greedy de- 799

coding and fix the random seed to 55 for all exper- 800

iments to ensure the reproducibility of the results. 801

MMRel (Nie et al., 2024) is a large-scale relation- 802

understanding benchmark that encompasses three 803
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Prompt 1 (Initial Generation)

You are a visual action analysis assistant.
Given an image and a question that contains
an action word associated with a specific body
part, identify the body part implied by the orig-
inal action and propose a replacement action
word that involves a different body part.

Output only the replacement action word (a
single verb or a short verb phrase). Avoid ac-
tions that involve the same body part as the
original.

Prompt 2 (Verification and Refinement)

Verify the proposed replacement action word.
(1) It must involve a body part different from
the original action.
(2) It must be semantically appropriate in the
context of the question.

If it satisfies both conditions, output it directly.
Otherwise, output a new replacement action
word that satisfies the rules. Output only the
final action word.

Original question: {question_text}
Initial answer: {initial_answer}

Figure 11: The prompts used in our two-stage genera-
tion pipeline.

core relation categories (spatial, action, and com-804

parative), supporting both discriminative and gen-805

erative evaluations. It comprises approximately806

22.5K question-answer pairs, consisting of around807

15K discriminative Yes/No pairs and 7.5K open-808

ended questions. The benchmark features diverse809

image sources, including real-world images as810

well as synthetic domains generated by SDXL811

and DALL-E. In our experiments, we evaluate812

the RVE method on the real-image, DALL-E, and813

open-ended subsets.814

R-Bench (Wu et al., 2024a) is a benchmark de-815

signed to evaluate relationship hallucinations in816

LVLMs. Constructed on the nocaps validation set,817

it utilizes a Yes/No verification format to specif-818

ically target inter-object relationships. R-Bench819

comprises two complementary subsets: image-820

level questions, which assess the existence of re-821

lationships within the global scene, and instance-822

level questions, which evaluate local visual under- 823

standing by explicitly grounding subjects and ob- 824

jects with colored bounding boxes or masks. The 825

benchmark contains 11,651 curated questions in 826

total, consisting of 7,883 image-level and 3,768 827

instance-level samples. For instance-level evalua- 828

tion, models are prompted with specific templates 829

(e.g., “Is there {subject} in the red box...”) to ver- 830

ify precise relationship grounding. 831

AMBER (Wang et al., 2024a) is an LLM-free, 832

multi-dimensional benchmark designed to system- 833

atically evaluate hallucinations across object exis- 834

tence, attributes, and relations. In this work, we 835

specifically focus on the relation subset. Lever- 836

aging AMBER’s high-quality human annotations, 837

we adopt a discriminative QA format to induce 838

relationship judgments using the specific prompt: 839

“Is there direct contact between the {object 1} and 840

{object 2} in this image?”. We regard such contact- 841

based relations as essential action primitives, as 842

they represent the physical interaction between ob- 843

jects (e.g., touching). 844

POPE (Li et al., 2023) is a widely adopted 845

benchmark for assessing object hallucinations in 846

LVLMs. It evaluates models using Yes/No ques- 847

tions regarding object existence (e.g., “Is there a 848

{object} in the image?”). The benchmark distin- 849

guishes three subsets based on the negative sam- 850

pling strategy: Random, Popular, and Adversar- 851

ial. Specifically, Random samples negative ob- 852

jects uniformly from the candidate set; Popular 853

selects objects with the highest dataset frequency; 854

and Adversarial targets objects that co-occur fre- 855

quently with the ground-truth objects in the image. 856

In this work, we conduct experiments specifically 857

on the MSCOCO subset. This dataset comprises 858

3,000 test instances, consisting of 500 images with 859

6 questions per image. 860

D Details on the GPT-5-mini Evaluation 861

To comprehensively evaluate performance on 862

open-ended tasks, we employ GPT-5-mini as an 863

automated judge. The model scores each response 864

by comparing it against the ground-truth answer. 865

The specific prompt used for this automated evalu- 866

ation is presented in Figure 12. The evaluator is in- 867

structed to focus specifically on the action relation- 868

ship and the objects involved, assigning a score 869

from 0 to 10. 870
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Evaluation Prompt

We would like to request your feedback on the
performance of an AI assistant in response to
the user question displayed above. The user
asks a question regarding the action relation-
ship between two objects.

For your reference, the AI assistant is asked
to answer with one sentence, which contains
both objects and the action relationship.

Please rate the response from the AI assistant
based on the ground-truth answer. Each re-
sponse receives an overall score on a scale of
0 to 10, where a higher score indicates the AI
response is more consistent with the ground-
truth answer.

Please output the score for the Assistant.

Ground-truth answer: {ground_truth}
AI assistant response: {generated_answer}

Figure 12: The evaluation prompt used by the GPT-5-
mini judge to evaluate open-ended generation tasks.

Strategy LLaVA-NeXT-7B ShareGPT4V-7B
Global Sens. Denoise Acc F1 Acc F1

70.58 77.21 72.96 78.44

✓ 73.02 78.58 73.43 78.65
✓ 74.38 79.38 75.88 80.14

✓ ✓ 76.09 80.50 73.67 78.79
✓ ✓ 77.39 81.23 76.44 80.47

Table 7: Additional ablation study on LLaVA-
NeXT-7B and ShareGPT4V-7B regarding enhance-
ment scopes and the denoising mask.

E Additional Ablation Results871

To further demonstrate the generalizability of our872

method, we provide the ablation results on LLaVA-873

NeXT-7B and ShareGPT4V-7B in Table 7. Con-874

sistent with the findings in the main text, the re-875

sults confirm that: (1) Global enhancement outper-876

forms the sensitive-only approach by effectively877

aligning non-sensitive heads; and (2) the denois-878

ing mask further boosts performance by avoiding879

the enhancement of irrelevant regions. Ultimately,880

the combination of these two components achieves881

the best results across different LVLMs.882

F Case Studies883

In this section, we present several case studies884

to evaluate model performance across multiple885

benchmark subsets. Specifically, we select ex- 886

amples from these three benchmarks, comprising 887

seven diverse subsets: the real-image, DALL-E- 888

generated, and open-ended subsets of MMRel, the 889

image-level and instance-level (Mask and Box) 890

tasks of R-Bench, and the relation subset of AM- 891

BER. In these examples, we can observe that our 892

RVE method maintains effectiveness across di- 893

verse subsets compared to the vanilla baseline. 894
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Real Image Image Generation via DALL-E

Yes, a person is feeding a baby.
Vanilla LVLM

Our Method

No, a person is holding a baby.

Does a person feed a boy in the image?

No, a cat is eating an orange.
Vanilla LVLM

Our Method

Yes, a cat is juggling an orange.

Does a cat juggle an orange in the image?

Figure 13: A case study of action-relation hallucinations on the MMRel benchmark across both real-world and
DALL-E-generated scenarios.

What is the action relation between a boy and a cake in the image? Please answer 

with a sentence containing both objects and relation, such as a dog chase a ball.

 A young boy is reaching for a cake with a yellow plastic knife.

A young boy is cutting a cake with a knife.

GPT-5-mini Score:4.0

GPT-5-mini Score:10.0

Ground Truth: a boy cut a cake.

Vanilla LVLM

Our Method

Open-ended Generation Tasks

Figure 14: A case study of action-relation hallucinations in open-ended generation tasks on the MMRel benchmark.
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Is the man in red mask in the image riding a bike in green mask?

Yes, the man in red mask is riding a bike in green mask.

No, the man in red mask is not riding a bike in green mask.
Vanilla LVLM

Our Method

Instance-Level (Mask)

Image-Level

Is the man in red bounding box in the image riding a 

unicycle in green bounding box?

No, the man in the red bounding box is not riding a 

unicycle in the green bounding box.

Yes, the man in the red bounding box is riding a 

unicycle in the green bounding box.
Vanilla 

LVLM

Our 

Method

Is a man riding a bike in the image?

Image-Level

Vanilla LVLM

Yes, a man is riding a bike.

Instance-Level (Box)

Is a man riding a unicycle in the image?

Vanilla LVLM

Yes, a man is riding a unicycle.

Figure 15: A case study comparing action-relation hallucinations between image-level and instance-level (Mask)
tasks on the R-Bench benchmark.

Is the man in red mask in the image riding a bike in green mask?

Yes, the man in red mask is riding a bike in green mask.

No, the man in red mask is not riding a bike in green mask.
Vanilla LVLM

Our Method

Instance-Level (Mask)

Image-Level

Is the man in red bounding box in the image riding a 

unicycle in green bounding box?

No, the man in the red bounding box is not riding a 

unicycle in the green bounding box.

Yes, the man in the red bounding box is riding a 

unicycle in the green bounding box.
Vanilla 

LVLM

Our 

Method

Is a man riding a bike in the image?

Image-Level

Vanilla LVLM

Yes, a man is riding a bike.

Instance-Level (Box)

Is a man riding a unicycle in the image?

Vanilla LVLM

Yes, a man is riding a unicycle.

Figure 16: A case study comparing action-relation hallucinations between image-level and instance-level (Box)
tasks on the R-Bench benchmark.
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Yes, there is direct contact between the dog 

and the ball.Vanilla 

LVLM

Our 

Method

No, there is no direct contact between the dog 

and the ball.

Is there direct contact between the dog and ball?

Yes, there is direct contact between the child and 

the bird.Vanilla 

LVLM

Our 

Method

No, there is no direct contact between the child 

and the bird.

Is there direct contact between the child and bird?

Figure 17: A case study of action-relation hallucinations on the AMBER benchmark.
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