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Abstract

Multimodal  Large Language  Models
(MLLMs) have achieved impressive progress
in vision-language understanding, yet they
remain susceptible to object hallucination,
which refers to generating descriptions of
objects that do not exist in the input image.
Through comprehensive analysis, we uncover
a fundamental trade-off in MLLMs: strength-
ening visual attention enhances grounding
completeness but also increases hallucinations,
especially additive hallucinations that appear
in the trailing part of the generated sentence.
To alleviate this trade-off, we propose GLVAC,
Global-to-Local Visual Attention Correction,
a training-free dual-path inference framework
that adaptively combines global conservatism
and local enhancement in visual attention.
The global path maintains stable and grounded
predictions under moderate visual attention,
while the local correction branch is dynam-
ically activated for high-uncertainty tokens
identified via entropy-based estimation. A
confidence-guided gating mechanism then
determines whether to adopt the correction
output, ensuring safe and reliable refinement.
GLVAC can be seamlessly integrated into
existing MLLMs without retraining or external
modules, effectively reducing object hallucina-
tions while maintaining perceptual complete-
ness across diverse benchmarks and model
families. Our code is available on https:
//github.com/Trusted-LLM/GLVAC.

1 Introduction

Multimodal large language models (MLLMs)
have emerged as a powerful paradigm for vision—
language understanding (Li et al., 2023a; Ye
et al., 2023; Liu et al., 2024c), integrating vi-
sual encoders with large language models to
perform tasks such as image captioning (Hos-
sain et al., 2019; Bucciarelli et al.,, 2024),
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Query Please describe this image in detail. Low Visual Attention Output :

The image depicts a busy city street with a lot of
traffic. There are multiple cars and trucks driving
down the street, and some of them are stopped at a
red light. The street is filled with various vehicles,
including a truck, a car, and a bus. The vehicles are
moving in different directions, and some are
stopped at the red light. The street is bustling with
activity, and the vehicles are driving in both
directions, creating a lively urban scene.

High Visual Attention Output :

The image depicts a busy city street filled with various vehicles, including cars, trucks, and a
bus. The traffic is moving in both directions, with some cars positioned closer to the foreground
and others further away. A few trucks can be seen in the middle of the scene, while a bus is
located towards the left side of the image. There are multiple traffic lights visible along the street,
ensuring the smooth flow of traffic. Some traffic lights are located near the center of the scene,
while others are positioned closer to the edges. In addition to the vehicles, there are -
PEAESHIANS walking along the sidewalks, with some closer to the foreground and others further
away. The scene captures the hustle and bustle of a typical day in a busy city.

Figure 1: Comparison of model-generated descriptions
under different levels of visual attention. Higher vi-
sual attention encourages more detailed descriptions
but may introduce additive hallucinated objects (e.g.,
“pedestrians”). Green marks ground-truth objects,
M Red marks additive hallucinated objects that emerge
under heightened visual attention, and " Orange marks
other hallucinated objects.

visual question answering (Xu et al.,, 2024;
Kuang et al.,, 2025), and multimodal dia-
logue (Huang et al., 2025; Liu et al., 2024a).
Despite their strong performance, MLLMs still
suffer from hallucination, where generated text is
inconsistent with the visual input. Among differ-
ent types of hallucinations, object hallucination
is particularly concerning (Rohrbach et al., 2018),
as it describes semantically plausible objects that
are absent from the input image (Gunjal et al.,
2024; Liu et al.,, 2024b). Such discrepancies
undermine reliability and pose risks in high-stakes
applications, including medical diagnosis (Liu
et al., 2023; Zhou et al., 2024) and autonomous
driving (Cui et al., 2024; Wang et al., 2023b).
Therefore, ensuring factual consistency between
textual information and visual evidence is critical
for trustworthy MLLMs.

To alleviate object hallucination, prior meth-
ods have improved visual-text alignment through
instruction-response tuning (Wang et al., 2024;
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Zhang et al., 2024a) or reinforcement learning
(RL) (Yu et al., 2024; Sun et al., 2023). However,
they often require extra training and datasets, in-
creasing computational cost and complexity (Liu
et al., 2024b; Bai et al., 2024; Zhao et al., 2024).
Inference-stage methods provide lightweight alter-
natives. Contrastive decoding (Huang et al., 2024;
Huo et al., 2024; Wang et al., 2024; Leng et al.,
2024) mitigates hallucination by contrasting out-
puts from the original image and a perturbed vari-
ant, but it doubles inference time and may affect co-
herence. Visual attention modulation (Kang et al.,
2025; Yin et al., 2025; Tu et al., 2025; Zhang
et al., 2024b) and visual feature retracing (Zou
et al., 2024) instead strengthen reliance on visual
information. However, these methods overlook
a critical issue: simply increasing visual depen-
dency may introduce unintended side effects in the
model’s output.

To address this gap, we investigate how visual at-
tention affects object hallucination in open-ended
MLLM generation. We identity a critical, yet pre-
viously underexplored trade-off: while stronger
visual dependency enhances an MLLM’s ability to
recognize true objects, it simultaneously increases
the likelihood of generating hallucinated ones. As
illustrated in Figure 1, compared to output under
the lower visual attention, the model tends to ap-
pend new hallucinated descriptions in the trailing
part of the generated sentence under stronger vi-
sual attention. We term this phenomenon addi-
tive hallucination. In Section 3, we quantify this
phenomenon using positioning analysis and show
that additive hallucinations consistently increase
as visual attention strengthens, suggesting that ex-
cessive emphasis on visual features can inadver-
tently introduce new forms of hallucination rather
than eliminating them.

Motivated by this observation, we propose
Global-to-Local Visual Attention Correction
(GLVAC), a training-free inference-time frame-
work that decouples robust perception from
precise description through a global-to-local
dual-path architecture. The global pathway
produces a conservative initial response using
moderated visual attention, thereby reducing
additive hallucinations, while the local correction
branch selectively increases visual attention
when uncertainty arises to correct hallucinations
induced by language priors. A gating mechanism
applies correction only when the main path is
uncertain and the correction branch provides a

more confident prediction, enabling safe recovery
of suppressed details without amplifying halluci-
nations caused by excessive visual attention. In
summary, our main contributions are as follows:

* We characterize a fundamental trade-off be-
tween grounding completeness and visual fac-
tuality in open-ended generation of MLLMs,
and identify additive hallucination, a new
phenomenon arising under excessive visual
attention.

* We introduce GLVAC, a plug-and-play,
training-free inference-time method that
dynamically regulates visual attention to
balance robust global perception and local
detail correction.

* We evaluate GLVAC across multiple MLLMs
and benchmarks, showing that balancing
global and local visual attention reduces both
language-prior hallucinations and additive
hallucinations.

2 Related Work

The emergence of MLLMs extends the language
capabilities of LLMs to visual understanding and
reasoning (Li et al.,, 2023a; Liu et al., 2024c;
Alayrac et al., 2022). Typically, an MLLM in-
tegrates a pre-trained vision encoder, an LLM,
and a learnable connector to align visual and tex-
tual representations; for example, LLaVA maps
CLIP visual features into the LLM embedding
space through a linear projector (Yin et al., 2024;
Liu et al., 2024c; Radford et al., 2021). Despite
their progress, MLLMs still suffer from halluci-
nation (Jiang et al., 2024), where generated text
is inconsistent with the input image. In particu-
lar, object hallucination refers to describing plau-
sible but absent objects, which undermines reliabil-
ity and trustworthiness, especially in safety-critical
scenarios (Gunjal et al., 2024; Li et al., 2023b;
Yoon et al., 2025). Mitigating such hallucinations
is therefore essential for robust real-world deploy-
ment.

Existing hallucination-mitigation methods for
MLLMs can be broadly divided into training-
based and inference-based approaches (Bai et al.,
2024; Wang et al., 2024; Huang et al., 2024).
Training-based methods improve visual grounding
through hallucination-sensitive instruction tuning,
reinforcement learning with human feedback, or
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Figure 2: Effect of attention scale factor v on Sentence-
Level Non-Hallucination Rate (SLN) and Object Recall
across two MLLMs, LLaVA-v1.5-7B and MiniGPT-4
with Llama 2 Chat 7B. SLN measures the proportion of
responses containing no hallucinated objects. On both
models, increasing y improves object recall but reduces
SLN, revealing a consistent trade-off between ground-
ing completeness and visual factual consistency.

contrastive learning, but usually require costly an-
notation and retraining (Zhang et al., 2024a; Yu
et al., 2024; Jiang et al., 2024). Inference-based
methods avoid additional training by modifying de-
coding behavior, including contrastive decoding,
attention modulation, and visual-token reinjec-
tion as in MEMVR (Huang et al., 2024; Kang et al.,
2025; Zou et al., 2024). Although efficient, these
methods mainly emphasize strengthening visual fo-
cus while overlooking its possible side effects. In
this work, we further examine this issue and pro-
pose a simple yet effective approach for more com-
prehensive hallucination mitigation. A component-
level comparison of GLVAC with VCD, VAR, and
MEMVR is provided in Appendix A.

3 Observation: Trade-off Effects of
Visual Attention in MLLMs

Itis widely assumed that hallucinations in MLLMs
primarily arise from an over-reliance on linguis-
tic priors. To mitigate this, a growing body of
works enhances visual grounding by amplifying
cross-modal attention or retrieving salient visual
features, under the belief that stronger visual de-
pendence leads to more reliable generation.

To better understand how visual attention af-
fects the model’s behavior, we vary the attention
strength using a scaling factor v, and larger values
correspond to stronger visual focus on the image.
As illustrated in Figure 2, both LLaVA-v1.5-7B
and MiniGPT-4 show that when + increases from
low to moderate levels, object recall, defined as the
proportion of ground-truth objects correctly men-
tioned, rises sharply, indicating more effective use
of visual evidence. In contrast, the Sentence-Level
Non-Hallucination Rate (SLN), defined as the pro-
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(a) Ground-truth Object Posi- (b) Hallucinated Object Posi-
tion tion

Figure 3: Positioning Score distributions for ground-
truth objects (left) and hallucinated objects (right) un-
der lower and higher levels of visual attention. Lower-
attention and higher-attention settings correspond to
smaller and larger values of the attention scaling factor
v, respectively.

portion of responses that contain no hallucinated
objects, drops rapidly over the same range. Beyond
this initial regime, recall largely plateaus, while
SLN remains at a low level with only minor fluc-
tuations as <y continues to increase. The inverse
trend in the region where the model is most sen-
sitive to attention scaling reveals a fundamental
trade-off between grounding completeness and
factual consistency: stronger visual attention im-
proves the model’s use of visual evidence, yet it
also makes the model more prone to hallucinating
nonexistent objects.

To analyze where the increasing hallucinations
emerge, we adopt the Positioning Score introduced
in previous work (Zhou et al., 2023) and use it to
study object placement in our setting. For a re-
sponse s with length Vg, the score is

Index(os ;)

N, ey

PoScore, ; =

Here, o, ; is the i"™ mentioned object in response
s. The term Index refers to the position of this ob-
ject in the response measured in words. A higher
score indicates a later occurrence in the response.
For each object, we record only the first position at
which it appears.

We examine the Positioning Score distributions
under two levels of visual attention, as shown in
Figure 3. Ground-truth objects appear early in the
responses, and they occur more frequently under
stronger visual attention. Hallucinated objects ex-
hibit a different pattern. Under stronger attention,
their Positioning Scores shift toward later parts of
the responses. These hallucinations are added near
the end of the responses instead of modifying the
earlier correct content. We refer to them as additive
hallucinations. This pattern shows that stronger vi-
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Please describe this image in detail. “woman” 0.8474
Je—
i “sm” 0.0281
n “kitchen” || 00215 Ground-truth
ey entropy:0.9109 low uncertainty
= “apr” 0.9906
e ) ] . apr
e - f‘ 4 [, - “orange™ || 0.0082
vra—i “o” [ 0.0005 Ground-truth

The image features a woman standing in a kitchen,
preparing food on a stove. She is wearing an apron
and appears to be focused on her task. The kitchen is
well-equipped with various appliances, including a
refrigerator; a ficfowave; and-an oven. \n\nThere are
several bottles and cups placed around-the kitchen,
with one bottle located near the left side of the image,
another bottle in the middle, and a third bottle on the “sink”
right side...The kitchen is well-organized and ready
for cooking. </s>

entropy:0.6605 low uncertainty

“re” 0.4089

“mic” 0.2899

0.1678 Hallucinated

entropy:1.6739 high uncertainty

Figure 4: Token-level entropy patterns for ground-truth
vs. hallucinated objects. Ground-truth tokens (e.g.,
”, “apron”) show low entropy and high confi-

“woman
dence. Hallucinated tokens (e.g., “refrigerator”) appear

at high-entropy steps where the model shows uncer-
tainty. This pattern indicates that hallucinations tend
to arise in locally uncertain regions during generation.

sual attention preserves early correct descriptions
but encourages additional, nonexistent objects in
the later stages of generation. A controlled anal-
ysis under matched word and object-mention bud-
gets is provided in Appendix E.1.

To further investigate when hallucinated objects
emerge during generation, we analyze the token-
level entropy of the model’s predictive distribution.
As shown in Figure 4, entropy reflects the model’s
uncertainty at each decoding step. We observe
that hallucinated objects tend to occur at positions
where the model exhibits high predictive entropy,
suggesting that local uncertainty correlates with in-
creased hallucination risk. This motivates using
entropy as a lightweight signal to identify poten-
tially unreliable decoding steps for selective correc-
tion, rather than applying correction uniformly.

These observations indicate that neither strong
nor weak visual attention alone is sufficient for re-
liable generation. An adaptive, uncertainty-aware
mechanism is therefore needed, which we intro-
duce in the next section.

4 Global-to-Local Visual Attention
Correction

Building on the insights presented in Section 3, we
introduce Global-to-Local Visual Attention Cor-
rection (GLVAC), a training-free inference frame-
work that adaptively regulates visual attention for
more reliable multimodal reasoning. As illustrated
in Figure 5, GLVAC decomposes visual reasoning

Algorithm 1 Global-to-Local Visual Attention Correction

Require: text-to-image submatrix Zimg of the pre-softmax
self-attention logits, scale factors 71 < ~2, entropy
threshold §

: for each decoding step ¢ do

: Global path (conservative visual attention)
Zl’mg ~mn Zlmé
compute p = Softmax(Logltl)

1
2
3
4:
500 HY e =3 oy p) ) (0) log gy (v)
6: Uncertalnty-trlggered local correction
7. it HY > § then

8: Local path (enhanced visual attention)
9: Zimg < V2 Zimg

10: compute pf) = Softmax(Logit,)

11: Confidence gating

12: if max(p; (2 )) > max(p; (a )) then

13: plinal p,(f) > apply local correction
14: else

15: plinal p( ) > keep global prediction
16: end if

17: else

18: plinal pgl) > skip local correction
19: end if

20: obtain token y; from pi™

21: update the decoder state with y

22: end for

into two complementary paths and selectively bal-
ances them based on model confidence. This de-
sign enables the model to dynamically trade off
grounding completeness and accuracy, effectively
mitigating hallucinations caused by both insuffi-
cient and excessive visual dependence.

4.1 Global Path: Conservative Visual
Reasoning

To prevent hallucinations induced by excessive vi-
sual attention, GLVAC establishes a global main
path that performs conservative visual reasoning
as the default generation route.

Given a text token representation as the query
@ and visual patch features as keys/values
(Ky, Vy), the decoder computes the pre-softmax
self-attention logits

QK,
vd '
where d denotes the dimensionality of the query

and key vectors. The decoder then obtains the vi-
sual context as

erng (2)

Attn(Q, Ky, V,y) = softmax (Zimg) V,.  (3)

For clarity, we omit the multi-head notation and
matrix form. This mechanism significantly influ-
ences how much each next-token prediction relies
on visual evidence versus language information.

51674



(a) Nlustration of GLVAC

Multimodal Large
Language Model The

User Query: Please
describe this image in detail.

+ oh

Image input
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l ]
)
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(b) Conservative visual attention suppresses additive hallucination

high certainty
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describe this image in detail. No additive
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Correction branch |‘
with higher 1
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(¢) Higher visual attention refines hallucination in main path

spoon high uncertainty
User Query: Please

describe this image in detail.

knife

Main path output

knife

hallucinated objects:
spoon X

more confident

Correction branch output

Figure 5: Illustration of the Global-to-Local Visual Attention Correction (GLVAC) framework. (a) The dual-path
architecture: the main path uses conservative visual attention to avoid additive hallucination, while the correction
path uses stronger visual attention to provide alternative candidates at uncertain decoding steps. A gating mecha-
nism selects between the two paths based on entropy and confidence. (b) Conservative attention suppresses additive

hallucination that may appear under stronger visual attention (e.g., “dining table”,

CLINT3

chair”). (c) Higher attention in

the correction path helps fix hallucinated objects from the main path when it is more confident.

Therefore, we modulate visual reliance by scaling
the text-to-image submatrix of the self-attention
logits before the softmax.

Let Zing € REL¢xLv denote the pre-softmax
attention score matrix from text tokens to image
patches, where L, and L, are the numbers of text
tokens and visual patches, respectively. Each ele-
ment Zin, (¢, v) indicates how strongly the ¢-th text
token attends to the v-th visual patch, and the ¢-th
row Zimg(t,:) thus represents the pre-softmax at-
tention scores of the ¢-th text token over all visual
regions.

To modulate the model’s reliance on visual sig-
nals without retraining, we scale the pre-softmax
attention score matrix by an attention scale factor
71
“4)

The scaled self-attention logits meg are used to
compute the token logits Logit,, and the resulting
probability distribution is:

ngg =7 Zimg-

pM) = Softmax(Logit,). Q)

Here, 71 controls how much the model attends
to image features during decoding: If v; is too
small, the model under-utilizes visual information

and risks generating language-prior-driven halluci-
nations; if v, is too large, the model over-focuses
visual input, easily introducing additive hallucina-
tions.

Therefore, 1 is chosen to suppress additive hal-
lucinations while preserving sufficient global per-
ceptual capacity for downstream correction. This
ensures that the global path produces stable and
correctable predictions, serving as the foundation
for subsequent local refinement.

4.2 Local Correction Path: Adaptive Visual
Enhancement

After using the global path to mitigate additive hal-
lucination, GLVAC introduces a local correction
branch that applies stronger visual attention scal-
ing to recover details that may be hallucinated in
the conservative path. Using a higher factor v, >
71, the same text-to-image self-attention logits are
rescaled as:

Zﬁng =72 Zimg7 (6)
producing a more visually grounded distribution:
p?) = Softmax (Logit,). 7

This correction branch is not used for direct gen-
eration. Instead, it acts as an auxiliary module
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that provides refined predictions when the global
path becomes uncertain. The higher visual scaling
72 amplifies the contribution of image features, in-
creasing reliance on visual input. However, since
excessive attention can also introduce hallucina-
tions, its activation must be carefully controlled
through the uncertainty-confidence gating mecha-
nism described next.

Table 1: Performance evaluation on CHAIR. GLVAC
achieves the lowest CHAIRs and CHAIRI scores across
all models, demonstrating effective hallucination sup-
pression, while also improving object recall compared
with regular decoding. The best results are bolded.
Green denotes improvement, and Red means degrada-
tion.

Model Method CHAIRs| CHAIRi| Recall T
regular 504 T0.0 142 7T0.0 80.6 T0.0

VCD 51.2 70.8 15.1 709 802 |04

LLaVA-v1.5-7B VAR 522 T1.8 149 1707 822 T1.6
MEMVR 526 722 149 70.7 81.2 70.6

GLVAC 462 |42 139 |03 81.2 70.6

regular 482 70.0 132 70.0 79.4 70.0

VCD 49.0 70.8 137 70.5 804 T1.0

LLaVA-v1.5-13B VAR 49.6 714 135 703 813 T1.9
MEMVR 462 |2.0 125 [0.7 80.8 T1.4

GLVAC 444 |38 122 |1.0 809 T1.5

regular 37.6 70.0 144 70.0 594 70.0

VCD 37.8 702 149 70.5 60.5 T1.1

MiniGPT-4 VAR 38.0 7104 145 70.1 593 |0.1
MEMVR 39.0 T14 150 70.6 59.8 70.4

GLVAC 36.6 [1.0 11.7 |2.7 63.5 T4.1

Table 2: Performance evaluation on AMBER genera-
tive task. GLVAC achieves the lowest CHAIR and Cog
scores across all models, demonstrating effective hal-
lucination suppression and better cognitive alignment.
The best results are bolded. Green denotes improve-
ment, and Red means degradation.

Model Method Cover 1

regular  51.7 70.0

VCD 51.8 70.1

LLaVA-v1.5-7B VAR 52.8 T1.1
MEMVR 522 70.5

GLVAC 513 |04

regular  51.9 T0.0

VCD 52.0 70.1

LLaVA-v1.5-13B VAR 52.0 70.1
MEMVR 522 70.3

CHAIR | Hal | Cog |

7.7 700 358 10.0 42 700
88 T1.1 402 744 40 102
8.1 1704 381 723 43 10.1
7.8 70.1 369 T1.1 43 10.1
7.3 104 334 |24 39 103

6.8 700 3L1 70.0 3.3 700
88 720 403 792 4.1 108
74 706 348 137 3.7 104
69 70.1 314 703 35 102
GLVAC 532 713 64 [04 313 702 3.0 103

regular  60.8 T0.0 192 70.0 726 100 12.1 70.0

VCD 605 |03 200 1708 720 [0.6 119 |02

MiniGPT-4 VAR 609 70.1 19.0 [02 727 10.1 121 70.0
MEMVR 612 104 186 [0.6 713 [1.3 119 0.2

GLVAC 639 13.1 15.1 |41 66.6 160 10.8 |13

4.3 Uncertainty-Confidence Gating
Mechanism

A central challenge is determining when the local
correction path should intervene. GLVAC adopts

a dual-condition gating mechanism based on
token-level uncertainty and relative confidence.

We use token-level predictive entropy as an
uncertainty signal to identify potentially unreli-
able decoding positions. At each decoding step,
GLVAC first obtains the main-path distribution and
computes its predictive entropy:

H(p") = - Zp§l)(v) logp!’(v)  (®)

veY

IftH (pgl)) < 4, the local correction path is skipped
and the global prediction is directly retained. Only

when H (pgl)) > ¢ do we execute the local cor-
rection path to obtain p§2). To avoid unneces-
sary or harmful corrections, the local prediction re-
places the global prediction only when it provides

a higher confidence:
2 1
max(pf”)) > max(p}")) ©)
The final token distribution is thus selected as:

PP, it HpY) > 5 A

(2)

final __
= max(p!

P (1))

) > max(p; *), (10)

)

(1)

py ~, otherwise.

This gating ensures that the correction occurs
only at high-uncertainty positions and only when
a more reliable alternative is available. As a re-
sult, GLVAC avoids over-attention-induced hallu-
cinations, prevents unnecessary interventions, and
provides adaptive token-level control with a con-
trolled computational overhead. The complete in-
ference procedure is summarized in Algorithm 1.

S Experiment

5.1 Experimental Settings

Benchmarks and Metrics. We evaluate GLVAC
on several widely recognized benchmarks to
assess its effectiveness in mitigating halluci-
nations and preserving grounding in MLLMs:
CHAIR (Rohrbach et al., 2018), AMBER (Wang
et al., 2023a), and MM-Vet (Yu et al., 2023).

Backbones and Baselines. We evaluate GLVAC
across three representative LVLMs: LLaVA-
v1.5-7B, LLaVA-v1.5-13B (Liu et al., 2024c),
and MiniGPT-4 with Llama 2 Chat 7B (Zhu
et al., 2023). For comparison, we adopt three
training-free baselines: VCD (Leng et al., 2024),
VAR (Kang et al., 2025), and MEMVR (Zou et al.,
2024).
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Table 3: Performance evaluation on MM-Vet, where rec denotes recognition, know denotes knowledge, gen denotes
language generation, and spat denotes spatial awareness. GLVAC consistently improves the overall performance of
all three MLLMs, highlighting its effectiveness in advancing general-purpose multimodal understanding. The best
results are bolded. Green denotes improvement, and Red means degradation.

Model Method rec ocr T know 1 gen T spat 1 math 1 Total 1
regular  36.7 70.0 24.8 70.0 19.3 70.0 23.4 70.0 27.1 70.0 115 7T0.0 319 70.0

VCD 346 2.1 221 |27 186 0.7 19.7 |37 275 704 69 |46 30.1 |18

LLaVA-v1.5-7B VAR 389 122 242 |06 22.0 727 21.6 [1.8 287 T1.6 3.8 |7.7 34.0 T2.1
MEMVR 369 70.2 245 |03 189 [04 227 [0.7 259 |12 112 [0.3 322 703

GLVAC 37.7 T1.0 244 |04 215 722 225 |09 295 124 115 70.0 333 714

regular  40.1 7T0.0 304 70.0 251 70.0 24.6 70.0 333 70.0 15.0 7T0.0 36.9 70.0

VCD 385 1.6 276 |28 254 703 254 708 339 706 11.2 |38 350 |19

LLaVA-v1.5-13B VAR 41.1 71.0 299 |05 249 |02 264 T1.8 347 714 11.2 |3.8 37.0 70.1
MEMVR 40.8 70.7 32.8 724 25.1 700 26.1 T1.5 36.0 72.7 15.0 70.0 379 T1.0

GLVAC 42.0 719 322 T1.8 25.6 705 26.6 72.0 373 740 142 |0.8 38.6 T1.7

regular  30.8 7T0.0 20.2 70.0 21.7 70.0 20.1 70.0 283 7T0.0 9.2 T0.0 26.7 7T0.0

VCD 257 5.1 238 13.6 195 |22 182 |19 31.6 733 123 73.1 250 |1.7

MiniGPT-4 VAR 30.7 L0.1 19.6 L0.6 219 702 19.7 L04 276 [0.7 9.2 70.0 266 [0.1
MEMVR 312 704 21.7 715 233 71.6 21.2 71.1 30.0 71.7 85 0.7 274 70.7

GLVAC 323 115 218 T1.6 227 71.0 221 720 28.8 705 119 72.7 281 T1.4

Implementation Details. We use greedy decod-
ing for all experiments and follow the original set-
tings for VCD (Leng et al., 2024), VAR (Kang
et al., 2025), and MEMVR (Zou et al., 2024). For
MEMVR settings not covered by the original ex-
periments, we grid-search the retracing ratio with
a step size of 0.01. In GLVAC, we fix the entropy
threshold at 1.5 for all tasks. More details are pro-
vided in Appendix B.

5.2 Main Results and Analysis

Results on CHAIR. Table 1 reports the results
on the CHAIR benchmark. GLVAC consistently
achieves the lowest CHAIRs and CHAIRIi scores
across all MLLMs. The improvement is most
evident on the LLaVA series, where GLVAC re-
duces CHAIRs by 4.2% on LLaVA-v1.5-7B and
3.8% on LLaVA-v1.5-13B, respectively. These
results demonstrate that GLVAC effectively miti-
gates object hallucination by dual-path visual atten-
tion modulation.

Results on AMBER. Table 2 presents the
results on the AMBER generative benchmark.
Compared to the baselines, GLVAC consistently
achieves the lowest CHAIR and Cog scores. On
LLaVA-v1.5-7B, GLVAC lowers Hal by 2.4%
while keeping coverage comparable to the regu-
lar model. On LLaVA-v1.5-13B, it simultaneously
improves coverage and further reduces CHAIR and
Cog. The gains are most pronounced on MiniGPT-
4, where GLVAC boosts coverage by 3.1% and

reduces Hal by 6.0%. These results show that
GLVAC mitigates hallucinations without sacrific-
ing object coverage, and can improve coverage on
stronger backbones.

Results on MM-Vet. Table 3 presents the re-
sults on the MM-Vet benchmark. GLVAC im-
proves the overall score for all three MLLMs.
On LLaVA-v1.5-7B and LLaVA-v1.5-13B, it in-
creases the overall score by 1.4 and 1.7 points, with
clear gains in recognition, knowledge, and spatial
reasoning. The largest improvement is observed on
MiniGPT-4, where GLVAC raises the total score by
1.4 points and enhances all scores. These results
indicate that the proposed method strengthens gen-
eral multimodal understanding in addition to reduc-
ing hallucinations.

More experimental results and an inference-
efficiency analysis are provided in Appendices C
and D.

5.3 Ablation Study and Analysis

Effect of Dual-Path Design: Global-Only
vs. GLVAC. To verify the necessity of the dual-
path mechanism, we compare GLVAC with a
Global-Only variant that applies a single global
scaling factor v without the correction branch. As
shown in Table 4, Global-Only exhibits a clear
trade-off: smaller v reduces hallucinations but
hurts recall, while larger v improves recall at the
cost of more hallucinations. No single v yields
consistently strong performance across metrics. In
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contrast, GLVAC achieves the best overall balance
by using a conservative global path while selec-
tively invoking local correction when needed.

Table 4: Ablation study of correction branch using
LLaVA-v1.5-7B on the CHAIR benchmark. The first
group shows performance with varying ~ values with-
out the correction branch. The with-correction-branch
variant (GLVAC) uses scaling parameters v; = 0.8 and
~v2 = 1.2, which achieves the best performance in both
CHAIRSs and Recall. The best results are bolded.

Method CHAIRs | CHAIRi| Recallt

v =0.7 46.2 13.3 78.4

v=0.8 52.4 14.8 79.8

without v=0.9 51.8 14.6 80.4
correction v =1.0 50.4 14.2 80.6
branch y=11 51.0 139 80.3
y=1.2 49.6 13.7 79.6

=13 49.4 14.0 79.6

with correction branch 46.2 13.9 81.2

Ablation on Gating Conditions. We fur-
ther ablate the gating strategy with entropy-only,
confidence-only, and dual-condition variants. As
shown in Table 5, both single-signal variants
improve over the baseline, but each has limita-
tions: Entropy-only allows all corrections from the
branch to replace the main path’s output whenever
the correction branch is activated, potentially in-
troducing hallucinations from the correction path
while correcting the main path’s hallucinations.
On the other hand, confidence-only, due to the ab-
sence of entropy constraints, causes frequent acti-
vation of the correction path, significantly increas-
ing the inference time. Our dual-condition gating
delivers the best effectiveness—efficiency trade-off,
achieving the lowest CHAIRs and CHAIRI.

Table 5: Ablation study on gating-condition strategies
using LLaVA-v1.5-13B on the CHAIR benchmark. Our
method, GLVAC (dual-condition), achieves the best per-
formance in both CHAIRs and CHAIRi, demonstrating
the effectiveness of combining entropy and confidence
for thresholding. The best results are bolded.

Method CHAIRs | CHAIRi] Recall t
regular 50.0 13.7 79.8
entropy-only 47.6 13.4 80.1
confidence-only 47.2 12.4 81.2
dual-condition 44.4 12.2 80.9

Ablation on Entropy Threshold. Table 6
shows the effect of the entropy threshold §. A too
small ¢ (e.g., 0.6) over-triggers correction, lead-
ing to higher CHAIRs due to additive hallucina-

tions; a large  (e.g., 2.1) rarely activates cor-
rection, degrading performance toward the global-
only baseline. Moderate § (1.2-1.8) balances hal-
lucination suppression and recall. Importantly,
GLVAC outperforms the regular baseline across a
wide range of § (0.6-2.1), demonstrating that it is
relatively robust and less sensitive to the choice
of § within this range. These results validate
our uncertainty-guided gating: a moderate entropy
threshold enables GLVAC to selectively apply local
correction on truly uncertain tokens, rather than ag-
gressively modifying confident predictions or com-
pletely turning off the correction branch.

Table 6: Ablation of entropy threshold values using
LLaVA-v1.5-13B on the CHAIR benchmark. GLVAC
outperforms the regular baseline across a wide range of
entropy threshold values (0.6-2.1). The best results are
bolded.

Threshold CHAIRs| CHAIRi| Recall

0.6 47.2 12.4 81.2
0.9 45.4 12.3 81.1
1.2 45.6 12.3 81.3
1.5 44.4 12.2 80.9
1.8 44.2 12.1 80.6
2.1 45.4 12.4 80.3

Additional analyses of the global-path and
local-path attention scaling factors and the layer-
selection strategy are provided in Appendix E.

6 Conclusion

In this work, we uncover a key trade-off in MLLMs:
stronger visual attention improves visual ground-
ing completeness but also increases the frequency
of additive hallucinations. To address this issue,
we propose GLVAC, a training-free dual-path in-
ference framework. GLVAC employs a conser-
vative global path to suppress additive hallucina-
tions and a selectively activated local correction
branch that applies stronger visual attention only
at high-uncertainty decoding steps, guided by en-
tropy and confidence thresholds. Extensive exper-
iments across multiple MLLMs and benchmarks
demonstrate that GLVAC effectively reduces ob-
ject hallucinations while preserving or even im-
proving grounding completeness.

Limitations

Although GLVAC is training-free and plug-and-
play, it has two limitations. First, because the

51678



framework introduces an additional local correc-
tion path at uncertain decoding steps, its inference
time is inevitably higher than that of the original
model. Although the gating mechanism controls
this overhead by activating correction selectively,
latency remains a concern for real-time applica-
tions. Second, GLVAC relies on several hyperpa-
rameters, including the global and local attention
scaling factors and the entropy threshold. These
parameters may vary across model architectures
and tasks. Developing adaptive parameter selec-
tion strategies is left for future work.
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Appendix

A Component-Level Comparison with
Inference-Time Methods

VCD (Leng et al., 2024), VAR (Kang et al., 2025),
MEMVR (Zou et al., 2024), and GLVAC all miti-
gate hallucinations at inference time, but they in-
tervene at different model components and em-
body different assumptions about visual reliance.
VCD contrasts output logits obtained from the
original and distorted images at every decoding
step. VAR redistributes post-softmax attention
mass from attention-sink tokens to non-sink vi-
sual tokens in selected heads. MEMVR uses
intermediate-layer entropy to trigger visual-feature
reinjection into the feed-forward network represen-
tations within a single prediction trajectory. These
methods primarily contrast, redistribute, or restore
visual evidence. In comparison, GLVAC explic-
itly considers the complementary risk introduced
by excessive visual reliance. It establishes a global
main path for conservative visual reasoning by scal-
ing the text-to-image submatrix Zjyg of the pre-
softmax self-attention logits with -1, and executes
the local correction path with - only at high-
uncertainty decoding steps. The local prediction

replaces the global prediction only when it pro-
vides a higher confidence.

B Experimental Setup Details

B.1 Datasets and Metrics

We evaluate our method on three widely
used benchmarks for assessing multimodal
hallucination and visual grounding quality:
CHAIR (Rohrbach et al., 2018), AMBER (Wang
et al., 2023a), and MM-Vet (Yu et al., 2023). All
three benchmarks are English-language datasets.
These benchmarks cover complementary aspects
of hallucination, ranging from object-level incon-
sistencies to attribute-level reliability and holistic
reasoning performance. Below, we describe each
dataset and its evaluation metrics in detail.

CHAIR (Rohrbach et al., 2018). CHAIR eval-
uates object hallucination in image captioning. It
focuses on whether objects mentioned in generated
captions are grounded in the corresponding image.
Following prior practice(Zou et al., 2024), we ran-
domly sample 500 images from the full dataset for
evaluation and query the MLLM with the prompt
“Please describe this image in detail.”. CHAIR
defines two hallucination metrics:

 CHAIRI: Instance-level hallucination rate,
measuring the proportion of hallucinated ob-
ject mentions:

obj
CHAIRi = *;jgj! . (11)
all

e CHAIRs: Sentence-level hallucination rate,
measuring the proportion of captions contain-
ing at least one hallucinated object:

cap

N,
CHAIRs = —hall

cap
N, all

(12)

In addition to hallucination rates, we also report
the object recall of the generated captions to mea-
sure how well the generated captions cover the ob-
jects present in the image. Recall is defined as:

|{correctly mentioned ground-truth objects}|

Recall =
eca |{all ground-truth objects}|

(13)
AMBER (Wang et al., 2023a). AMBER con-

sists of two components: generative task (AMBER-
Gen) and discriminative task (AMBER-Disc). Our
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Table 7: Component-level comparison of representative training-free inference-time methods. “Conditional” means
that the second path is executed only when the entropy condition is satisfied.

Method Modified component Uncertainty signal Paths E}(p llcntly. reduces
visual reliance
VCD Image input and output logits No Two, every step No
VAR Post-softmax attention weights ~ No One No
MEMVR FEN representations via Intermediate-layer One No
visual-feature reinjection entropy
GLVAC Pre-softmax text-to-image Output entropy Two, conditional Yes

self-attention logits;
output-distribution gating

experiments use only AMBER-Gen, which con-
tains 1,004 samples. Following the original setup,
we use the prompt “Describe this image.” for all
AMBER-Gen evaluations. AMBER-Gen reports
four sub-metrics:

* Cover: the proportion of annotated objects
mentioned in the response.

* CHAIR: the proportion of object mentions in
the response that do not appear in the anno-
tated object list.

» Hal: the proportion of responses that contain
hallucinations.

* Cog: the proportion of object mentions in
the response that belong to the predefined
hallucination target set Hopj, used to exam-
ine whether the hallucination tendencies of
MLLMs align with patterns commonly ob-
served in human cognition.

MM-Vet (Yu et al., 2023). MM-Vet evaluates
multimodal models on 218 complicated tasks that
require the integration of multiple core vision-
language capabilities. It defines six fundamental
capabilities: recognition, OCR, knowledge, lan-
guage generation, spatial awareness, and math,
and constructs 16 integrated task types by com-
bining these capabilities. Following the origi-
nal setting, we adopt the default MM-Vet evalua-
tion prompt, and model outputs are scored by an
LLM-based evaluator conditioned on the question,
ground truth, and prediction. Each sample is as-
signed a score between 0 and 1, and the final bench-
mark score is computed as the average over all sam-
ples. In addition to the overall score, MM-Vet also
reports capability-wise results by averaging over
samples associated with a specific capability or ca-
pability combination. For all MM-Vet evaluations,
we use the official grading tool provided by the

benchmark authors, which implements a GPT-4.1-
based evaluator following the protocol described in
the original paper.

B.2 Implementation Details

We adopt greedy decoding for all experiments
across all models. The reported results on all three
benchmarks are obtained from a single run. For
VCD, which contrasts outputs from the original im-
age and a visually distorted image during decod-
ing, we set do_sample=False, the noise step to
500, the plausibility constraint hyperparameter A
to 0.1, and the contrastive emphasis coefficient «
to 1, following the default parameter settings from
the original code and literature (Leng et al., 2024).
For the VAR baseline, which identifies visual sink
tokens and redistributes their attention to enhance
image focus, we strictly follow the original imple-
mentation and set the threshold for selecting sink
tokens to 7 = 20 and the portion of the atten-
tion weights from the sink tokens into the attention
budget to p = 0.6 for all experiments. The task-
dependent threshold p for selecting image-centric
heads is set to p = 0.8 for MM-Vet and p =
0.5 for CHAIR and AMBER. Following the orig-
inal VAR design, we do not modify the attention
heads in the last layer. For the MEMVR base-
line, which dynamically re-injects visual features
during generation, we set entropy-threshold
to 0.75 and apply retracing from layer 5 to layer
16 for all experiments. Regarding the retracing
ratio, besides the default values provided in the
official implementation, we additionally perform
a grid search in [0.01,0.4] with a step size of
0.01, and report the best-performing value for each
setting. GLVAC introduces two scalar hyperpa-
rameters, y; and 72, which scale the visual atten-
tion strength in the global and local paths, respec-
tively. We explore (71,72) over a small discrete
set of scaling values within a restricted range, un-
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Table 8: Hyperparameter settings of (1, ~2) for differ-
ent backbones and benchmarks.

Table 9: MME performance under different attention
scaling strengths.

Benchmark Model Y2
LLaVA-v1.5-7B 0.8 1.2

CHAIR LLaVA-v1.5-13B 0.7 1.1
MiniGPT-4 1.7 2.2

LLaVA-v1.5-7B 0.7 14

AMBER LLaVA-v1.5-13B 0.6 1.3
MiniGPT-4 1.7 2.2

LLaVA-v1.5-7B 1.2 1.5

MM-Vet LLaVA-v1.5-13B 1.1 1.5

MiniGPT-4 1.0 1.2

der the constraint y; < 72. The selected values for
each backbone-benchmark pair are reported in Ta-
ble 8. A sensitivity analysis on LLaVA-v1.5-13B
under the CHAIR benchmark shows that GLVAC
remains effective over a broad range of v; and 7o
values in our separate sweeps, suggesting that the
method is not overly sensitive to these hyperpa-
rameters within reasonable ranges. For all exper-
iments, we fix the entropy threshold used by the
gating mechanism to 6 = 1.5. In addition, based
on our layer-wise attention inspection, we apply
GLVAC starting from transformer layer 2 and leave
layers 0—1 untouched. All experiments of LLaVA-
v1.5-7B are conducted on an NVIDIA RTX 4090
GPU, while all experiments of LLaVA-v1.5-13B
and MiniGPT-4 (Llama 2 Chat 7B backbone) are
conducted on an NVIDIA H200 GPU.

C Additional Experiments

To further understand how visual attention strength
influences different diagnostic dimensions, we
evaluate LLaVA-v1.5-7B on the hallucination sub-
set of MME benchmark (Fu et al., 2025) while
varying the visual-attention scaling coefficient ~y.
MME is a comprehensive evaluation benchmark
covering 14 perception and cognition subtasks,
where each sample uses a unified “yes/no” instruc-
tion format to enable objective measurement of
fine-grained visual grounding abilities (e.g., exis-
tence, count, position, color). Table 9 reports
the performance under a lower-attention setting
(v = 0.95) and a higher-attention setting (y =
1.05) on visual features. Interestingly, we observe
that reducing visual attention slightly below the
default level leads to consistently better scores in
existence, count, and color recognition, while in-

visual attention  existence T count T position T color T
regular 190.0 70.0  160.0 T0.0  138.3 70.0 165.0 T0.0

lower (y = 0.95) 195.0 75.0 163.0 73.0 143.0 74.7 175.0 710.0

higher (y = 1.05) 185.0 5.0 155.0 /5.0 145.00 76.7 155.0 [10.0

creasing attention improves only the position sub-
task. This pattern indicates that different MME di-
mensions respond differently to visual grounding
strength: excessive attention amplification tends to
introduce spurious visual cues that harm existence
and count recognition, whereas moderate attention
provides a more stable semantic signal. These find-
ings further support the motivation of GLVAC, us-
ing a conservative global path and a selectively
strengthened local path to balance multiple evalua-
tion dimensions.

D Inference Efficiency

To quantify the computational overhead introduced
by GLVAC, we conduct a controlled comparison
with regular decoding, VCD, VAR, and MEMVR
on LLaVA-v1.5-13B. All methods are evaluated
under the same hardware, greedy-decoding con-
figuration, implementation environment, and 80-
token generation budget on an NVIDIA H200
GPU. We report wall-clock latency, peak GPU
memory, and floating-point operations per sample.
As shown in Table 10, GLVAC incurs 1.63x the
latency of regular decoding. It is more costly than
VAR (1.08x), but substantially faster than VCD
(2.04x) and MEMVR (2.93x).

GLVAC requires 19.83 TFLOPs per sample,
similar to regular decoding at 18.85 and VAR
at 19.32. In contrast, VCD and MEMVR re-
quire 37.69 and 28.08 TFLOPs, respectively. Its
peak memory usage remains effectively identical
to regular decoding. These results show that
GLVAC is training-free but not computation-free:
its uncertainty-triggered local path introduces mea-
surable latency, while avoiding the substantially
larger computational cost of VCD and MEMVR.

E Additional Analysis

E.1 Controlled Analysis of Additive
Hallucination

Figure 3 shows hallucinated objects shifting to-
ward the response tail as visual attention increases.
To test whether longer outputs or additional ob-
ject mentions explain this pattern, we perform two
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Table 10: Inference-efficiency comparison on LLaVA-
v1.5-13B under the same 80-token generation budget.
Latency is reported in milliseconds per sample, with ra-
tios relative to regular decoding in parentheses. Peak
memory is measured in MB, and computation is re-
ported in TFLOPs per sample.

Method Latency (ms) Peak memory (MB) TFLOPs
Regular 1,687 (1.00x) 26,135 18.85
VCD 3,435 (2.04x) 26,678 37.69
VAR 1,817 (1.08 %) 26,130 19.32
MEMVR 4,941 (2.93x) 26,296 28.08
GLVAC 2,743 (1.63%) 26,135 19.83

Table 11: CHAIRs (%, lower is better) for LLaVA-v1.5-
13B on CHAIR-500 after controlling the retained re-
sponse length or number of object mentions. “Original”
denotes the untruncated outputs.

Controlled budget v =06 =07 v=09 v=11 v=13

Original 40.8 44.6 454 47.6 50.8
50 words 18.2 18.2 20.6 19.4 22.6
70 words 29.6 32.6 34.6 37.6 394
90 words 38.6 42.0 43.0 44.8 474
4 objects 23.6 224 24.2 25.6 29.4
6 objects 29.8 32.0 34.0 36.6 39.2
8 objects 36.4 39.8 40.0 42.0 454

post-hoc controls on 500 CHAIR images gener-
ated by LLaVA-v1.5-13B. For each ~, we trun-
cate responses to word-prefix budgets (50, 70, or
90 words) or object-mention budgets (4, 6, or 8
CHAIR-recognized object mentions), then recom-
pute CHAIRs. Table 11 reports CHAIRS.
CHAIRs increases overall with v under both
controls. The strictest 50-word and four-object set-
tings contain non-monotonic fluctuations, so we
do not claim pointwise monotonicity. Neverthe-
less, increasing «y from 0.6 to 1.3 raises CHAIRs
by 4.4, 9.8, and 8.8 points at 50, 70, and 90 words,
respectively, and by 5.8, 9.4, and 9.0 points at four,
six, and eight object mentions. Untruncated out-
puts show the same trend (a 10.0-point increase).
Thus, response length and the number of retained
object mentions do not by themselves explain the
higher hallucination rate under stronger visual at-
tention. Together with the positional shift in Fig-
ure 3, these controls strengthen the evidence for the
additive-hallucination pattern.

E.2 Entropy Effectiveness and Local-Path
Usage

Mention-level entropy analysis. We quantify
whether predictive entropy distinguishes halluci-
nated from grounded object mentions using 100
CHAIR samples generated by LLaVA-v1.5-13B.

The analysis contains 831 object mentions: 122
hallucinated and 709 grounded. For multi-token
mentions, the mention-level score is the maximum
token entropy over the aligned span. Table 12
shows that this score achieves an AUROC of 0.735.
Hallucinated mentions have a higher mean entropy
than grounded mentions (2.43 vs. 1.57), and at
the operating threshold § = 1.5, 82.0% of hallu-
cinated mentions exceed the threshold compared
with 51.1% of grounded mentions. Entropy is in-
formative but imperfect: it identifies a large frac-
tion of hallucination-prone mentions while trigger-
ing on grounded mentions. This result motivates
using entropy to decide when to compute the local
path, while retaining the relative-confidence com-
parison as a second safeguard before replacement.

Table 12: Mention-level entropy analysis on 100
CHAIR samples generated by LLaVA-v1.5-13B.

Statistic Result
Object mentions (grounded / hallucinated) 709 /122
Mention-level AUROC 0.735
Mean entropy (grounded / hallucinated) 1.57/2.43

Rate above 0 = 1.5 (grounded / hallucinated) 51.1% / 82.0%

Local-path usage. We distinguish the rrigger
rate, the fraction of decoding steps satisfying
H (pgl)) > ¢ for which the local forward pass
is executed, from the replacement rate, the frac-
tion of all steps at which the local prediction is fi-
nally adopted because it is more confident than the
global prediction. Table 13 reports both quantities.
The final column is the conditional acceptance rate,
computed as replacement divided by trigger.

Table 13: Local-path usage across models and bench-
marks. “Accept/trigger” is the fraction of triggered
steps that adopt the local prediction.

Model Benchmark  Trigger Replacement Accept/trigger
LLaVA-v1.5-13B  CHAIR-500 42.1% 24.9% 59.1%
LLaVA-v1.5-13B  AMBER-Gen  46.8% 27.4% 58.5%
MiniGPT-4 CHAIR-500 45.6% 25.0% 54.8%
MiniGPT-4 AMBER-Gen  48.8% 28.4% 58.2%

Across these settings, the local branch is com-
puted for 42.1-48.8% of tokens but adopted for
only 24.9-28.4% of all tokens. Equivalently, only
54.8-59.1% of triggered steps accept the local can-
didate. These statistics confirm selectivity at both
stages: high entropy invokes an alternative predic-
tion, but it does not automatically force stronger
visual attention. They also help interpret the mea-
sured efficiency overhead in Appendix D, since the
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global path is always evaluated whereas the local
path is conditional.

E.3 Fixed-Parameter Transferability

To evaluate the robustness and transferability of
GLVAC, we use a fixed parameter setting across
different model sizes and datasets. Specifically,
we set (y1,72) = (0.7,1.4) for both LLaVA-
v1.5-7B and LLaVA-v1.5-13B on CHAIR-500 and
AMBER-Gen. Table 14 compares this setting with
regular decoding.

Table 14: Fixed-parameter transferability on LLaVA-
v1.5 using the shared setting (y1,7v2) = (0.7, 1.4) with-
out model- or dataset-specific adjustment. The better
result in each comparison is bolded.

CHAIR-500
Model Method CHAIRs | CHAIRi | Recall 1
Regular 50.4 142 80.6
LLaVA-78 GLVAC (shared) 47.2 13.7 81.3
Regular 48.2 132 79.4
LLaVA-13B GLVAC (shared) 47.0 12.8 80.8
AMBER-Gen
Model Method Cover 1 CHAIR| Hal| Cogl
Regular 51.7 7.7 35.8 4.2
LLaVA-TB  GIVAC (shared) 513 73 334 39
Regular 519 6.8 31.1 33
LLaVA-I3B  GIVAC (shared)  52.9 66 321 33

The shared setting improves all three CHAIR
metrics for both model sizes. On AMBER-Gen,
it produces broadly comparable overall results to
regular decoding across both model sizes. These
results support transferability across model sizes
and datasets.

E.4 Sensitivity Analysis of Attention Scaling
Factors

Effect of Attention Scaling Factor ~;. We ana-
lyze the effect of the global-path scaling factor v,
by varying ~; while fixing v9 = 1.1 and the en-
tropy threshold 6 = 1.5. The results on LLaVA-
v1.5-13B using the CHAIR benchmark are shown
in Figure 6. Note that 7v; = 1 corresponds to
the original, unmodified visual-attention strength.
Overall, increasing ; leads to higher hallucina-
tion rates: CHAIRs rises sharply as ~y; increases
toward 1.0, and CHAIRi shows an overall upward
trend. Meanwhile, Recall improves rapidly from
v1 = 0.4 to 0.6 and then largely saturates, peak-
ing near y; = 0.7 and changing slightly for y; €
[0.6,0.9]. These results suggest that a conserva-
tive global attention setting (e.g., 0.6-0.8) can sub-
stantially reduce hallucinations compared to the de-

Table 15: Ablation on excluding early layers when ap-
plying GLVAC (LLaVA-v1.5-7B on CHAIR). Exclud-
ing layers O—1 improves recall and decreases CHAIRs.

Method CHAIRs | CHAIRi| Recall T
Our method (excluding layers 0-1) 46.2 13.9 81.2
wi/o early-layer exclusion 49.0 13.6 80.0

fault y; = 1 with little impact on object coverage.
However, when ~y; becomes too small (e.g., 0.4),
Recall drops markedly due to insufficient visual
grounding. Overall, v; controls the global atten-
tion regime and critically affects the trade-off be-
tween hallucination suppression and coverage.

Effect of Attention Scaling Factor ;. We an-
alyze the effect of the local-path scaling factor s
by varying 2 while fixing 71 = 0.7 and = 1.5.
Results for LLaVA-v1.5-13B on the CHAIR bench-
mark are shown in Figure 7. The overall metrics
exhibit only mild fluctuations over o € [0.8,1.4],
which is reasonable because the local correction
path is activated only on a subset of high-entropy
tokens. Importantly, however, the local path still
provides consistent gains over the global-only base-
line for 2 € [0.8,1.3]. For reference, using only
a global scaling of 71 = 0.7 yields CHAIRi =
12.4, CHAIRs = 44.6, and Recall = 79.8. Across
v2 € [0.8,1.1], CHAIRI remains lower and Re-
call remains higher than this baseline, indicating
that the local correction branch reliably improves
both hallucination suppression and object cover-
age. This demonstrates that, although less sensi-
tive than v, the local path plays a meaningful and
stabilizing role, making GLVAC robust to the exact
choice of 5.

E.5 Selection of Layers

To determine which transformer layers should be
modified by GLVAC, we first examine the layer-
wise attention distribution of LLaVA-v1.5-13B.
As shown in Figure 8, layers 0-1 allocate sub-
stantially stronger attention to visual tokens than
deeper layers, and the visual attention begins to de-
cay from layer 2 onward. This suggests that the first
two layers function as a visual-ingestion stage that
consolidates the raw visual representations before
higher-level reasoning takes place.

Based on this observation, we apply GLVAC
only from layer 2 and leave layers O—1 untouched.
To validate this design choice, we further conduct
an ablation on LLaVA-v1.5-7B using the CHAIR
benchmark. As shown in Table 15, removing the
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Figure 6: Sensitivity analysis of the global-path scaling factor y; on LLaVA-v1.5-13B under the CHAIR benchmark
(y2 = 1.1, 0 = 1.5; 93 = 1 is the original attention strength). Increasing ~y; toward 1.0 increases CHAIRs and
generally increases CHAIRI, while Recall saturates after y; = 0.6 (peaking near y; = 0.7). Thus, a conservative
v (e.g., 0.6-0.8) suppresses hallucination with minimal Recall change.
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Figure 7: Sensitivity analysis of the local-path scaling factor 7, on LLaVA-v1.5-13B under the CHAIR benchmark
(1 = 0.7, 6 = 1.5). Although the metrics fluctuate only mildly across different - values, the local correction
path consistently improves over the global-only baseline (CHAIRi = 12.4, CHAIRs = 44.6, Recall = 79.8) for
v € [0.8,1.1]. This confirms that the local path provides meaningful token-level corrections.
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ure 9 and Figure 10 show that GLVAC effectively
mitigates object hallucination across diverse sce-
narios. Figure 11 demonstrates that GLVAC fur-
ther improves object recall. Finally, Figure 12 and
Figure 13 illustrate that reducing visual attention
can avoid errors made by the original model.

Figure 8: Layer-wise attention in LLaVA-v1.5-13B.
Layers 0-1 allocate substantially stronger attention to
visual tokens, while visual attention begins to decay
from layer 2 onward. This motivates applying GLVAC
only from layer 2 and leaving the first two layers un-
changed.

early-layer exclusion consistently degrades both
hallucination suppression and object recall. These
results indicate that modifying the early layers
disrupts the model’s initial visual-processing cir-
cuitry, and excluding them leads to more stable and
effective visual grounding.
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Please describe this image in detail.

Figure 9: An illustration of GLVAC correcting hallucinations on CHAIR.
Red marks hallucinated objects.

Please describe this image in detail.

Figure 10: An illustration of GLVAC correcting hallucinations on CHAIR.

Llava-v1.5-13B: The image depicts a group of people working together in an office setting. There are three people in
the scene, with one man sitting at a desk using a laptop, another man sitting at a desk with a desktop computer, and a
woman standing behind them. The woman appears to be talking on a GEIIPRONE. \n\nThe office is equipped with
multiple computers, including two desktop computers and a laptop. There are also two keyboards and a mouse visible
on the desks. A TV is mounted on the wall, and a FiGKPAGK can be seen placed on the floor. The office environment
seems to be focused on productivity and collaboration.

Llava-v1.5-13B+VAR: The image depicts a group of people working together in an office setting. There are three
people in the scene, with one person sitting at a desk using a laptop, another person standing behind the desk, and a
third person sitting at a separate desk. The individuals are focused on their work, with one person typing on a keyboard
and another person using a mouse.\n\nIn addition to the people and their workstations, there are several items scattered
around the office. There are two TV, one on the left side of the room and another on the right side. A _ can be
seen placed on the floor, and a GEIIPRGAGIis located near the center of the room. A GBIk is also present in the scene,
positioned near the desk where the person is sitting.

Llava-v1.5-13B+MEMVR: The image depicts a group of people working together in an office setting. There are three
people in the scene, with one man sitting at a desk using a laptop, another man sitting at a desk with a desktop
computer, and a woman standing behind them. The woman is looking at the laptop screen, possibly discussing or
collaborating with the other two individuals.\n\nThe office is equipped with multiple computers, including a desktop
computer on the desk and a laptop on the table. There are also two keyboards and two mice visible in the scene,
indicating that the people are working on different tasks or projects. A TV is mounted on the wall, and a FAGKpacK can
be seen placed on the floor.

Llava-v1.5-13B+GLVAC: The image depicts a group of people working together in an office setting. There are three
people in the scene, with one man sitting at a desk using a laptop, another man sitting at a desk with a desktop
computer, and a woman standing behind them. The man using the laptop is wearing a blue shirt, while the other man is
wearing a white shirt.\n\nThere are two laptops in the scene, one on the desk in front of the man using it and another on
the desk of the man with the desktop computer. A mouse can be seen on the desk of the man using the laptop.
Additionally, there are two keyboards, one on the desk of the man using the laptop and the other on the desk of the man
with the desktop computer. A TV is also present in the room, located on the left side of the scene.

Llava-v1.5-13B: The image features a black and white motorcycle on display at a show, likely a dealership or a
convention. The motorcycle is parked on a stand, drawing attention to its sleek design. \n\nThere are several people in
the scene, some of them standing close to the motorcycle, while others are scattered around the area. A few of the
people are wearing _, possibly indicating that they are visitors or attendees at the event. The overall
atmosphere suggests that the motorcycle is the main attraction, and people are there to admire and learn more about it.

Llava-v1.5-13B+VAR: The image features a black and white motorcycle on display at a show, likely a dealership or a
convention. The motorcycle is parked on a stand, drawing attention to its sleek design. \n\nThere are several people in
the scene, some of them standing close to the motorcycle, while others are scattered around the area. A [idfidbag can be
seen placed near the center of the scene, possibly belonging to one of the visitors. The overall atmosphere suggests an

event where people gather to admire and discuss the motorcycle on display.",

Llava-v1.5-13B+MEMVR: The image features a black and white motorcycle on display at a show, likely a
motorcycle show or a dealership. The motorcycle is parked on a stand, drawing attention to its sleek design. \n\nThere
are several people in the scene, some of them standing close to the motorcycle, while others are scattered around the
area. A few of the people are wearing [JAGKDACKS, possibly carrying their belongings or showcasing their interest in the
motorcycle. The overall atmosphere of the scene suggests a gathering of enthusiasts or potential buyers at the
motorcycle show.

Llava-v1.5-13B+GLVAC: The image features a black and white motorcycle on display at a show, likely an auto show
or a motorcycle show. The motorcycle is parked on a stand, drawing attention to its design and features. \n\nThere are
several people in the scene, with some standing close to the motorcycle and others scattered around the area. Some of
the people are standing near the front of the motorcycle, while others are positioned further back. The presence of
multiple people suggests that the motorcycle is a popular attraction at the show.

B Red marks hallucinated objects.
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MiniGPT-4: The image shows a bicycle rider wearing a helmet and riding
on the sidewalk in front of a building with large windows and a green roof.
The building appears to be made of brick and has a modern design. There
are trees and flowers planted in the area around the building, and the sky is
blue with some clouds.

MiniGPT-4: The image is a bathroom with a toilet, sink, and MiniGPT-4 +GLVAC: The image shows a person riding a bicycle down the
shower. The walls are made of white tiles and the floor is made of street. The person is wearing a yellow shirt and blue pants, and they are
black and white tiles. There is a plant in a pot on the counter next riding on the sidewalk in front of a large building with green windows.
to the sink. The toilet is on the left side of the room and the shower There are trees and flowers blooming in the background.\n\nOn the left side
is on the right side. of the image, there is a person walking their bike down the street. They are
wearing a black shirt and white pants, and they have a backpack on their
MiniGPT-4 +GLVAC: The image shows a bathroom with a white back.\n\nOn the right side of the image, there is a person riding a bicycle
tiled floor, beige walls, and a wooden door. There is a toilet on the down the street. They are wearing a red shirt and black pants, and they are
left side of the room, next to a Sink with a mirror above it. A small riding on the road in front of a tall building with green windows. There are

potted plant is sitting on the right side of the room next to a large trees and flowers blooming in the background.\n\nOverall, the image shows
window that lets in natural light a person riding a bicycle down the street in front of a large building with
\ ’ green windows.

A o i B . B

Figure 11: An illustration of GLVAC improving object recall on CHAIR. [ Green marks ground-truth objects.
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Figure 12: An illustration showing that reducing visual attention strength (y = 0.95) can correct model predictions
that are incorrect under the regular setting on MME. 'l Green marks correct response. Ml Red marks incorrect
objects.

51688



I 1
1 1
1 1
1 1
1 1
] 1
1 1
1 1
1 ]
1 1
1 1
1 1
1 1
1 1
1 ]
1 1
1 1
1 1
1 1
1 1
1 ]
1 1
1 1
1 1
1 1
1 1
1 ]
1 1
] 1
1 1
1 1
1 1
1 ]
1 1
] 1
1 1
1 1
1 1
1 ]
1 1
] 1
1 1
1 1
1 1
1 - - . - - . ]
! Llava-v1.5-7B: ¥&§| Llava-v1.5-7B: N&8| ,
] 1
1 1
! Llava-v1.5-7B+lower visual attention: No. Llava-v1.5-7B+lower visual attention: No. !
1 ]
] . . . . . . i
] - - . o _ . H
! Llava-v1.5-7B+higher visual attention: Yes. Llava-v1.5-7B-+higher visual attention: Yes! !
1 1
1 )
% S

Figure 13: An illustration of reducing visual attention strength (v = 0.95) can correct model predictions that are
incorrect under the regular setting on MME. [l Green marks correct response. Bl Red marks incorrect objects.
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