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Abstract

Recent Large Vision-Language Models
(LVLMs) have achieved significant progress
yet frequently suffer from visual hallucinations,
often stemming from an over-reliance on
language priors rather than visual evidence.
Existing decoding-based approaches often rely
on input perturbations to weaken language
priors, but they do not explicitly decouple
visual evidence from mixed vision–language
representations. To address these limitations,
we propose DiVE (Decoupling intra-layer
Visual Evidence). DiVE dynamically identifies
layers enriched with visual information and
performs intra-layer decoupling to extract
aggregated visual evidence. By suppressing
this evidence to construct a language-prior-
dominated reference distribution, DiVE
employs contrastive decoding to calibrate the
output logits, thereby mitigating hallucinations.
Extensive experiments across diverse LVLM
architectures demonstrate that DiVE achieves
state-of-the-art performance among decoding-
based methods on multiple benchmarks.
Crucially, it eliminates the latency of an
extra forward pass, offering a lightweight and
efficient solution.

1 Introduction

Recent advances in LVLMs have led to substantial
improvements in multimodal reasoning (Bai et al.,
2025; Liu et al., 2023; Dai et al., 2023). Despite
these advancements, current LVLMs frequently suf-
fer from visual hallucinations, where they generate
plausible but factually incorrect content that con-
tradicts visual inputs (Leng et al., 2024; Li et al.,
2023). This phenomenon primarily stems from
an over-reliance on language priors and statisti-
cal biases acquired during pre-training (Rohrbach
et al., 2018; Leng et al., 2024; Ma et al., 2023). Es-
sentially, when visual evidence are subtle or over-
whelmed, LVLMs effectively revert to acting as

† Corresponding author.

“blind” language models, allowing language priors
to dominate generation. (Min et al., 2025; Wu et al.,
2025).
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Figure 1: Comparison of perturbation-based contrastive
decoding strategy (e.g., VCD) and our proposed DiVE.

To mitigate visual hallucinations, as shown in
Figure 1 (a), inference-time decoding strategies
(e.g., VCD (Leng et al., 2024), ICD (Wang et al.,
2024) and M3ID (Favero et al., 2024)) contrast pre-
dictions against those from perturbed inputs. How-
ever, these methods inherently incur a 2× latency
penalty by requiring dual forward passes. Further-
more, their reliance on perturbations creates an
unstable contrastive reference, often introducing
noise that degrades the precision of hallucination
mitigation.

To reduce the computational overhead of
perturbation-based methods (Leng et al., 2024;
Wang et al., 2024), recent works focus on inter-
nal manipulation within a single forward pass.
Methods such as OPERA (Huang et al., 2024)
and AVISC (Woo et al., 2025) leverage attention
patterns or weights to calibrate logits. Mean-
while, approaches like SID (Huo et al., 2025) and
ONLY (Wan et al., 2025) construct contrastive ref-
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erences by utilizing differences between specific
intermediate layers. Nevertheless, these methods
operate on mixed multimodal features without de-
coupling visual evidence from textual context. This
entanglement limits their ability to suppress hallu-
cinations when strong language priors overwhelm
visual evidence.

To further avoid perturbation-based references
without extra passes and decouple visual evi-
dence for calibration against language priors,
we propose DiVE (Decoupling intra-layer Visual
Evidence). As shown in Figure 1 (b), unlike VCD
(Figure 1 (a)) which relies on an external noisy
image to construct a contrastive reference, DiVE
decouples visual evidence directly from the intra-
layer attention. The framework proceeds in three
steps. First, we perform adaptive layer identifica-
tion to locate visual-evidence layers via structural
constraints and entropy metrics. Second, we decou-
ple the attention output to extract the effective vi-
sual contribution by subtracting the underlying tex-
tual attention bias. Finally, we apply contrastive de-
coding, leveraging the aggregated visual evidence
to calibrate logits against language priors, thereby
mitigating visual hallucinations.

We validate DiVE on multiple LVLM back-
bones and standard hallucination benchmarks.
DiVE achieves consistent and significant halluci-
nation mitigation, outperforming strong training-
free decoding-time baselines. Notably, DiVE elim-
inates the latency of an extra forward pass and
introduces only lightweight computation during
standard decoding.

Our main contributions are summarized as fol-
lows:

• We propose DiVE, a training-free decoding
framework that builds an internal contrastive
reference by identifying visual-evidence lay-
ers, and decoupling intra-layer visual evidence
for visual hallucination mitigation.

• Extensive experiments across multiple LVLM
backbones and hallucination benchmarks
show that DiVE achieves state-of-the-art hal-
lucination mitigation, without requiring an ex-
tra forward pass.

• DiVE is highly adaptable and can be easily
adapted to a wide range of LVLM backbones
with different architectures, highlighting its
potential for broad applicability.

2 Related Work

Hallucination in LVLMs. Despite strong multi-
modal reasoning capabilities (Liu et al., 2023; Bai
et al., 2025; Dai et al., 2023), LVLMs frequently
suffer from visual hallucinations—generating con-
tent contradictory to visual inputs (Li et al., 2023;
Fu et al., 2025; Rohrbach et al., 2018). This phe-
nomenon primarily stems from an over-reliance
on language priors and spurious correlations estab-
lished during pre-training (Rohrbach et al., 2018;
Leng et al., 2024). While mitigation strategies
via instruction tuning (Liu et al., 2024) or align-
ment (RLHF or DPO) (Sun et al., 2024; Yu et al.,
2024; Xie et al., 2024) are effective, they are data-
intensive and computationally expensive. Simi-
larly, post-hoc correctors introduce significant la-
tency (Zhou et al., 2023; Yin et al., 2024; Zhao
et al., 2024) or rely on external models (Sahu et al.,
2024; Wan et al., 2024). Consequently, training-
free inference-time methods for hallucination miti-
gation have received growing attention.

Decoding-Time Hallucination Mitigation.
Decoding-time strategies aim to mitigate hallu-
cinations without parameter updates. A promi-
nent paradigm is contrastive decoding (Leng et al.,
2024; Wang et al., 2024; Favero et al., 2024; Li
et al., 2025), which penalizes language priors by
contrasting logits against perturbed inputs. How-
ever, this inherently doubles computational over-
head. To enhance efficiency, internal manipulation
methods are adopted to exploit intrinsic model be-
haviors. Following layer-contrasting approaches
like DoLa (Chuang et al., 2024), methods such as
OPERA (Huang et al., 2024) and SID (Huo et al.,
2025) leverage attention patterns or layer discrep-
ancies. Notably, ONLY (Wan et al., 2025) sug-
gests that single-layer intervention is sufficient, and
AVISC (Woo et al., 2025) employs attention-based
calibration. Nevertheless, existing methods mainly
steer decoding using attention-derived cues (e.g.,
OPERA and AVISC) or other internal intervention
signals(e.g., SID and ONLY); these methods lack a
clear distinction between visual evidence and the
textual context, which limits their robustness when
language priors dominate.

3 Methodology

In this work, we present DiVE, a training-free de-
coding framework for hallucination mitigation. As
illustrated in Figure 2, DiVE extracts intra-layer
visual evidence, suppresses it to obtain a textual ref-
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Figure 2: Overview of DiVE. The framework operates in three steps: (1) Adaptive Identification of V-E Layers:
locating visual-evidence layers via structural constraints and entropy; (2) Decoupling Intra-layer V-E: Decoupling
visual evidence from attention mechanisms; and (3) Contrastive Decoding via aggregated V-E: suppressing the
aggregated evidence to calibrate logits against language priors.

erence distribution, and performs contrastive decod-
ing against this reference to counter language priors
and mitigate hallucinations. Concretely, DiVE con-
sists of a one-time prefill computation followed by
step-wise decoding-time calibration. During pre-
fill, we identify the visual-evidence layer set Lve,
which is then reused throughout decoding. At each
decoding step t, we extract a layer-wise visual ev-
idence vector from each l ∈ Lve, aggregate them
into a single evidence direction, and use this direc-
tion to construct an evidence-suppressed reference
distribution for contrastive calibration.

3.1 Adaptive Identification of Visual-Evidence
Layers

To ensure the subsequent decoupling is reliable, we
first identify a subset of transformer layers where
the LVLMs exhibit high dependency on visual in-
puts. We term this subset the visual-evidence layers
(Lve), determined via a two-stage procedure: struc-
tural prior constraints followed by entropy-based
selection.

Structural Prior Constraints. Consider an
LVLM with L transformer layers. For attention-
based visual-evidence extraction, layer-wise atten-
tion signals are not equally reliable: (i) Early Lay-
ers (Task Recognition). In early layers, the LVLM
is primarily engaged in task-intent recognition, and
visual tokens may function as passive attention
sinks; as a result, early-layer attention is often less

representative of semantic visual evidence. (Fan
et al., 2025) (ii) Late Layers (Language Refine-
ment). After cross-modal information has been
fused, late layers increasingly focus on linguistic
refinement and answer generation, with reduced re-
liance on vision tokens, making final layer attention
less suitable for extracting visual evidence. (Fan
et al., 2025)

Motivated by the stage-wise layer roles, we de-
fine a candidate pool Lcand for visual-evidence ex-
traction by excluding the early and late ⌈κL⌉ lay-
ers:

Lcand = { l ∈ {1, . . . , L} | ⌈κL⌉ < l ≤ L− ⌈κL⌉} .
(1)

Entropy-Based Layer Selection. Within the can-
didate pool Lcand, we further select layers that
demonstrate sharp attention specifically towards
visual tokens during the prefill stage. For a given
head h in layer l, let ah,l denote the attention
weights. Concretely, during prefill we take ah,l
as the attention distribution of the last prompt to-
ken (the token whose logits are used to predict the
first generated token). We extract ah,l to the in-
dices of visual tokens Ivis and renormalize them
to form a distribution ph,l. We then propose the
Visual-Language Attention Concentration (V-LAC)
score αl to quantify visual focus:

αl =
1

H

H∑

h=1

(
1− H(ph,l)

log |Ivis|

)
, (2)
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where H(·) is the shannon entropy (Shannon,
1948). A higher αl indicates that the layer focuses
intensely on specific visual tokens rather than dif-
fusing attention. We define the final set of visual-
evidence layers Lve by selecting layers with above-
average V-LAC scores within the candidate pool:

Lve = {l ∈ Lcand | αl > µcand} , (3)

where µcand is the mean V-LAC score over Lcand.
This set is computed only once per inference, intro-
ducing negligible overhead.

3.2 Decoupling Intra-layer Visual Evidence
At each decoding step t, for each identified layer l ∈
Lve, we extract the intra-layer visual evidence from
the attention contribution to the residual stream.

Head-Level Attention Decomposition. Con-
sider the attention mechanism of head h in layer
l at decoding step t. The attention weights a

(l)
h,t,j

quantify the attention allocated by the query at step
t to the key at position j. To decompose the at-
tention output by modality, we partition the total
output o(l)h,t into two additive vector components
based on the token indices Ivis and Itext:

o
(l)
h,t =

∑

j∈Ivis

a
(l)
h,t,jv

(l)
h,j

︸ ︷︷ ︸
o
(l)
h,t,vis

+
∑

j∈Itext

a
(l)
h,t,jv

(l)
h,j

︸ ︷︷ ︸
o
(l)
h,t,text

, (4)

where o
(l)
h,t,vis and o

(l)
h,t,text represent the attention

components aggregated from visual and textual
tokens, respectively. In parallel, we calculate
the accumulated attention mass for each modal-
ity: m

(l)
h,t,vis =

∑
j∈Ivis

a
(l)
h,t,j and m

(l)
h,t,text = 1 −

m
(l)
h,t,vis.

Decoupling Visual Attention Contribution.
However, simply utilizing the raw visual compo-
nent o(l)h,t,vis is insufficient, as it is biased by the
probability mass redistribution inherent to Softmax
normalization. To decouple the effective visual at-
tention contribution from the textual context, we
define it as the shift in the output vector induced by
visual tokens. To quantify this shift, we first formu-
late a text-only attention vector derived solely from
the textual context, denoted as õ

(l)
h,t. This vector

corresponds to the renormalized attention output
over the text tokens Itext:

õ
(l)
h,t =

o
(l)
h,t,text

m
(l)
h,t,text + ε

. (5)

The head-wise visual contribution vector at step
t, denoted as δ(l)h,t, is then calculated as the devia-
tion of the full attention output from this text-only
attention vector:

δ
(l)
h,t = o

(l)
h,t − õ

(l)
h,t. (6)

By substituting m
(l)
h,t,text = 1−m

(l)
h,t,vis, this yields

the effective visual contribution:

δ
(l)
h,t = o

(l)
h,t,vis −

m
(l)
h,t,vis

m
(l)
h,t,text + ε

o
(l)
h,t,text. (7)

Eq. 7 shows that δ(l)h,t equals the raw visual compo-
nent minus a renormalization-induced correction
term, capturing the effective visual contribution to
the residual stream.

Head-to-Layer Evidence Projection. We obtain
a layer-wise visual evidence vector by projecting
the concatenated head-wise contributions through
the attention output projection matrix W

(l)
O :

∆
(l)
vis,t = W

(l)
O

[
δ
(l)
1,t; . . . ; δ

(l)
H,t

]
. (8)

Since ∆
(l)
vis,t shares the same vector space as the

residual stream (Bietti et al., 2023), it serves as a
valid steering vector for calibration in subsequent
layers.

3.3 Contrastive Decoding via Aggregated
Visual Evidence

Leveraging the decoupled evidence ∆
(l)
vis,t, we con-

struct a textual reference distribution by suppress-
ing aggregated visual evidence in the penultimate
layer, thereby enabling contrastive decoding to
counter language priors.

Aggregated Evidence Suppression. Let h(L−1)
t

denote the hidden state of the generated token at
decoding step t within the penultimate layer L− 1.
We compute the mean of ∆(l)

vis,t across l ∈ Lve to
obtain an aggregated evidence vector ∆̄vis,t:

∆̄vis,t =
1

|Lve|
∑

l∈Lve

∆
(l)
vis,t. (9)

We directly suppress the aggregated evidence di-
rection ∆̄vis,t from h

(L−1)
t to obtain ĥ

(L−1)
t :

ĥ
(L−1)
t = h

(L−1)
t − γ

∥h(L−1)
t ∥2

∥∆̄vis,t∥2 + ε
∆̄vis,t, (10)
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where γ is a hyperparameter controlling suppres-
sion strength. We target the penultimate layer for
this intervention, as it encodes the high-level se-
mantic representation feeding into the late layer.
The modified state is then propagated only through
the final transformer block and the LM head,
rather than a second full forward pass, to ob-
tain the evidence-suppressed reference distribution
qtext(yt | y<t).

Adaptive Likelihood-Ratio Calibration. Given
the original LVLM distribution porigin(yt | y<t)
and the textual reference qtext(yt | y<t), we define
a dynamic high-confidence candidate set St:

St =
{
y ∈ V

∣∣ porigin(y | y<t) >

τ ·maxu∈V porigin(u | y<t)
}
.

(11)

Within this set, we calibrate probabilities using the
likelihood ratio between the original distribution
and the textual reference, while preserving the total
probability mass of St:

p̃(yt | y<t) = Zt ·
porigin(yt | y<t)

qtext(yt | y<t)
, ∀yt ∈ St,

(12)
where Zt is chosen to preserve the original proba-
bility mass of St:

Zt =

∑
y∈St

porigin(y | y<t)∑
y∈St

(
porigin(y | y<t)/qtext(y | y<t)

) .

(13)
Equivalently, for yt ∈ St, this likelihood-ratio
reweighting can be expressed in log-space by sub-
tracting log qtext from log porigin and adding a bias
term βt to preserve mass within St.

yt ∼ softmax
[
log porigin(yt | y<t)

− log qtext(yt | y<t) + βt] ,
(14)

Here, the likelihood-ratio adjustment is applied
only to tokens in St; for y /∈ St, we keep the orig-
inal scores log porigin(y | y<t) to ensure stability.
The bias term βt = logZt preserves the probability
mass within St.

4 Experiments

We evaluate DiVE against state-of-the-art
decoding-based mitigation methods across three
standard hallucination benchmarks.

4.1 Experiment Setup

LVLMs and Baselines. We conduct experiments
on two representative open-source LVLMs, the
widely used LLaVA-v1.5-7B (Liu et al., 2023) and
the recently released Qwen2.5-VL-7B (Bai et al.,
2025), which serve as our main backbones. To fur-
ther assess generalization across model scale and
architectural generation, we additionally evaluate
DiVE on LLaVA-v1.5-13B (Liu et al., 2023) and
Qwen-VL-7B (Bai et al., 2023). We compare DiVE
against five competitive baselines: VCD (Leng
et al., 2024), M3ID (Favero et al., 2024), SID (Huo
et al., 2025), ONLY (Wan et al., 2025), and
AVISC (Woo et al., 2025). To ensure a fair com-
parison, we utilize the official implementations for
all baselines. More details can be found in Ap-
pendix A.1

Benchmarks. We utilize three diverse datasets
specifically designed to detect and measure visual
hallucinations: (1) POPE: (Li et al., 2023) A dis-
criminative benchmark that evaluates the reliability
of LVLMs in detecting object presence through
Yes/No questions under three sampling strategies
(Random, Popular, Adversarial). We conduct ex-
tensive tests on the MS-COCO (Lin et al., 2014),
A-OKVQA (Schwenk et al., 2022), and GQA (Hud-
son and Manning, 2019). (2) CHAIR: (Rohrbach
et al., 2018) A generative benchmark that as-
sesses object hallucinations in image captioning
using 500 randomly sampled images from the
MS-COCO (Lin et al., 2014) validation set. The
evaluation employs three key metrics, CHAIRS ,
CHAIRI and Recall, under max new tokens of
512. (3) MME-Hallucination: (Fu et al., 2025)
The hallucination subset of MME, consisting of
four subsets: existence and count for object-level
hallucinations, and position and color for attribute-
level hallucinations. More details can be found in
Appendix A.2

Implementation Details. We adopt the official
prompt templates to facilitate fair comparison. Re-
garding hyperparameters, unless otherwise speci-
fied, the suppression strength is consistently fixed
at γ = 0.5. For structural prior constraints, we
define a pruning ratio κ = 0.05 for all LVLMs, and
explicitly exclude the early ⌈κL⌉ and late ⌈κL⌉ lay-
ers, where L is the number of transformer layers.
The confidence threshold τ is set to 0.1 for POPE,
while for CHAIR and MME-Hallucination, it is
adjusted to 0.85 to retain only high-confidence can-
didates. All evaluations are performed on NVIDIA
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Table 1: Performance comparison on POPE using Qwen2.5-VL-7B. Best results are highlighted in dark green ,

second-best in light green .

Evaluation Methods Random Popular Adversarial Average
Accuracy ↑ F1-score ↑ Accuracy ↑ F1-score ↑ Accuracy ↑ F1-score ↑ Accuracy ↑ F1-score ↑

MS-COCO

base (Bai et al., 2025) 84.30 ↑0.0 81.42 ↑0.0 83.60 ↑0.0 80.75 ↑0.0 83.23 ↑0.0 80.41 ↑0.0 83.71 ↑0.0 80.86 ↑0.0
VCD (Leng et al., 2024) 84.70 ↑0.4 81.90 ↑0.5 84.00 ↑0.4 81.35 ↑0.6 83.67 ↑0.4 80.92 ↑0.5 84.12 ↑0.4 81.39 ↑0.5

M3ID (Favero et al., 2024) 84.57 ↑0.3 81.61 ↑0.2 84.07 ↑0.5 81.21 ↑0.5 83.60 ↑0.4 80.62 ↑0.2 84.08 ↑0.4 81.14 ↑0.3
SID (Huo et al., 2025) 86.13 ↑1.8 83.92 ↑2.5 85.13 ↑1.5 83.25 ↑2.5 84.47 ↑1.2 82.35 ↑1.9 85.24 ↑1.5 83.17 ↑2.3

AVISC (Woo et al., 2025) 87.33 ↑3.0 85.70 ↑4.3 86.53 ↑2.9 84.94 ↑4.2 85.40 ↑2.2 83.87 ↑3.5 86.42 ↑2.7 84.84 ↑4.0

DiVE 88.70 ↑4.4 87.47 ↑6.0 87.77 ↑4.2 86.57 ↑5.8 86.50 ↑3.3 85.38 ↑5.0 87.66 ↑4.0 86.47 ↑5.6

A-OKVQA

base (Bai et al., 2025) 88.00 ↑0.0 86.81 ↑0.0 86.03 ↑0.0 84.98 ↑0.0 80.20 ↑0.0 79.96 ↑0.0 84.74 ↑0.0 83.92 ↑0.0
VCD (Leng et al., 2024) 88.57 ↑0.6 87.30 ↑0.5 86.40 ↑0.4 85.25 ↑0.3 81.73 ↑1.5 81.24 ↑1.3 85.57 ↑0.8 84.60 ↑0.7

M3ID (Favero et al., 2024) 88.30 ↑0.3 87.97 ↑1.2 86.20 ↑0.2 86.70 ↑1.7 80.43 ↑0.2 80.52 ↑0.6 84.98 ↑0.2 85.06 ↑1.1
SID (Huo et al., 2025) 87.23 ↓0.8 86.27 ↓0.5 86.53 ↑0.5 85.40 ↑0.4 82.00 ↑1.8 81.26 ↑1.3 85.25 ↑0.5 84.31 ↑0.4

AVISC (Woo et al., 2025) 89.40 ↑1.4 88.75 ↑1.9 87.33 ↑1.3 86.88 ↑1.9 81.17 ↑1.0 81.93 ↑2.0 85.97 ↑1.2 85.85 ↑1.9

DiVE 90.93 ↑2.9 90.64 ↑3.8 88.33 ↑2.3 88.27 ↑3.3 81.37 ↑1.2 82.49 ↑2.5 86.88 ↑2.1 87.13 ↑3.2

GQA

base (Bai et al., 2025) 87.93 ↑0.0 86.88 ↑0.0 81.23 ↑0.0 80.99 ↑0.0 80.83 ↑0.0 80.66 ↑0.0 83.33 ↑0.0 82.84 ↑0.0
VCD (Leng et al., 2024) 88.03 ↑0.1 86.64 ↓0.2 84.63 ↑3.4 83.53 ↑2.5 82.03 ↑1.2 81.24 ↑0.6 84.90 ↑1.6 83.80 ↑1.0

M3ID (Favero et al., 2024) 88.47 ↑0.5 86.92 ↑0.0 82.70 ↑1.5 81.64 ↑0.6 82.27 ↑1.4 81.16 ↑0.5 84.48 ↑1.2 83.24 ↑0.4
SID (Huo et al., 2025) 88.27 ↑0.3 87.20 ↑0.3 83.27 ↑2.0 82.47 ↑1.5 81.90 ↑1.1 80.94 ↑0.3 84.48 ↑1.2 83.54 ↑0.7

AVISC (Woo et al., 2025) 88.37 ↑0.4 87.42 ↑0.4 84.03 ↑2.8 83.53 ↑2.5 81.63 ↑0.8 81.50 ↑0.8 84.70 ↑1.4 84.15 ↑1.3

DiVE 89.97 ↑2.0 89.43 ↑2.6 84.60 ↑3.4 84.64 ↑3.7 82.10 ↑1.3 82.58 ↑1.9 85.56 ↑2.2 85.55 ↑2.7

Table 2: Performance comparison on POPE using LLaVA-v1.5-7B.

Evaluation Methods Random Popular Adversarial Average
Accuracy ↑ F1-score ↑ Accuracy ↑ F1-score ↑ Accuracy ↑ F1-score ↑ Accuracy ↑ F1-score ↑

MS-COCO

base (Liu et al., 2023) 87.09 ↑0.0 86.14 ↑0.0 85.13 ↑0.0 84.28 ↑0.0 79.20 ↑0.0 81.21 ↑0.0 83.81 ↑0.0 83.88 ↑0.0
VCD (Leng et al., 2024) 87.20 ↑0.1 87.34 ↑1.2 83.47 ↓1.7 84.30 ↑0.0 79.27 ↑0.1 80.23 ↓1.0 83.31 ↓0.5 83.96 ↑0.1

M3ID (Favero et al., 2024) 86.57 ↓0.5 86.43 ↑0.3 84.27 ↓0.9 84.38 ↑0.1 79.13 ↓0.1 81.52 ↑0.3 83.32 ↓0.5 84.11 ↑0.2
SID (Huo et al., 2025) 89.10 ↑2.0 89.21 ↑3.1 85.97 ↑0.8 85.29 ↑1.0 80.33 ↑1.1 81.24 ↑0.0 85.13 ↑1.3 85.25 ↑1.4

ONLY (Wan et al., 2025) 89.73 ↑2.6 89.15 ↑3.0 85.87 ↑0.7 86.25 ↑2.0 79.37 ↑0.2 80.57 ↓0.6 84.99 ↑1.2 85.32 ↑1.4
AVISC (Woo et al., 2025) 86.63 ↓0.5 84.85 ↓1.3 85.73 ↑0.6 83.68 ↓0.6 82.03 ↑2.8 81.64 ↑0.4 84.80 ↑1.0 83.39 ↓0.5

DiVE 86.83 ↓0.3 85.13 ↓1.0 85.93 ↑0.8 84.28 ↑0.0 83.83 ↑4.6 82.34 ↑1.1 85.53 ↑1.7 83.92 ↑0.0

A-OKVQA

base (Liu et al., 2023) 86.30 ↑0.0 87.49 ↑0.0 80.33 ↑0.0 82.34 ↑0.0 68.33 ↑0.0 75.75 ↑0.0 78.32 ↑0.0 81.86 ↑0.0
VCD (Leng et al., 2024) 84.17 ↓2.1 86.54 ↓0.9 78.43 ↓1.9 81.32 ↓1.0 68.53 ↑0.2 75.32 ↓0.4 77.04 ↓1.3 81.06 ↓0.8

M3ID (Favero et al., 2024) 84.53 ↓1.8 86.27 ↓1.2 77.80 ↓2.5 81.21 ↓1.1 69.30 ↑1.0 76.21 ↑0.5 77.21 ↓1.1 81.23 ↓0.6
SID (Huo et al., 2025) 87.27 ↑1.0 88.43 ↑0.9 81.27 ↑0.9 82.50 ↑0.2 71.23 ↑2.9 77.49 ↑1.7 79.92 ↑1.6 82.81 ↑1.0

ONLY (Wan et al., 2025) 86.13 ↓0.2 87.18 ↓0.3 79.07 ↓1.3 81.05 ↓1.3 69.03 ↑0.7 76.94 ↑1.2 78.08 ↓0.2 81.72 ↓0.1
AVISC (Woo et al., 2025) 85.23 ↓1.1 86.33 ↓1.2 82.87 ↑2.5 84.37 ↑2.0 73.37 ↑5.0 77.05 ↑1.3 80.49 ↑2.2 82.58 ↑0.7

DiVE 90.63 ↑4.3 90.23 ↑2.7 87.43 ↑7.1 87.31 ↑5.0 79.87 ↑11.5 81.11 ↑5.4 85.98 ↑7.7 86.22 ↑4.4

GQA

base (Liu et al., 2023) 85.43 ↑0.0 86.75 ↑0.0 79.57 ↑0.0 81.90 ↑0.0 68.70 ↑0.0 74.92 ↑0.0 77.90 ↑0.0 81.19 ↑0.0
VCD (Leng et al., 2024) 84.17 ↓1.3 85.75 ↓1.0 74.10 ↓5.5 76.43 ↓5.5 69.13 ↑0.4 75.24 ↑0.3 75.80 ↓2.1 79.14 ↓2.0

M3ID (Favero et al., 2024) 84.57 ↓0.9 86.20 ↓0.5 74.17 ↓5.4 78.35 ↓3.6 69.23 ↑0.5 76.37 ↑1.5 75.99 ↓1.9 80.31 ↓0.9
SID (Huo et al., 2025) 85.37 ↓0.1 88.15 ↑1.4 74.97 ↓4.6 80.12 ↓1.8 69.57 ↑0.9 76.30 ↑1.4 76.64 ↓1.3 81.52 ↑0.3

ONLY (Wan et al., 2025) 85.97 ↑0.5 88.10 ↑1.3 74.27 ↓5.3 78.60 ↓3.3 69.57 ↑0.9 75.87 ↑1.0 76.60 ↓1.3 80.86 ↓0.3
AVISC (Woo et al., 2025) 87.43 ↑2.0 88.25 ↑1.5 79.43 ↓0.1 82.53 ↑0.6 74.67 ↑6.0 78.13 ↑3.2 80.51 ↑2.6 82.97 ↑1.8

DiVE 88.83 ↑3.4 88.32 ↑1.6 85.00 ↑5.4 84.92 ↑3.0 81.03 ↑12.3 81.66 ↑6.7 84.95 ↑7.0 84.97 ↑3.8

Table 3: Results on MME-Hallucination. Comparison of object and attribute-level scores.

Model Method Object-level Attribute-level Total Score
Existence Count Position Color

Qwen2.5-VL-7B

base (Bai et al., 2025) 195.0 ↑0.0 165.0 ↑0.0 140.0 ↑0.0 190.0 ↑0.0 690.0 ↑0.0
VCD (Leng et al., 2024) 195.0 ↑0.0 165.0 ↑0.0 145.0 ↑5.0 190.0 ↑0.0 695.0 ↑5.0

M3ID (Favero et al., 2024) 195.0 ↑0.0 165.0 ↑0.0 150.0 ↑10.0 190.0 ↑0.0 700.0 ↑10.0
SID (Huo et al., 2025) 195.0 ↑0.0 153.3 ↓11.7 165.0 ↑25.0 190.0 ↑0.0 703.3 ↑13.3

AVISC (Woo et al., 2025) 195.0 ↑0.0 153.3 ↓11.7 165.0 ↑25.0 195.0 ↑5.0 708.3 ↑18.3

DiVE 195.0 ↑0.0 165.0 ↑0.0 165.0 ↑25.0 195.0 ↑5.0 720.0 ↑30.0

LLaVA-v1.5-7B

base (Liu et al., 2023) 190.0 ↑0.0 155.0 ↑0.0 128.3 ↑0.0 170.0 ↑0.0 643.3 ↑0.0
VCD (Leng et al., 2024) 190.0 ↑0.0 155.0 ↑0.0 133.3 ↑5.0 170.0 ↑0.0 648.3 ↑5.0

M3ID (Favero et al., 2024) 195.0 ↑5.0 160.0 ↑5.0 133.3 ↑5.0 165.0 ↓5.0 653.3 ↑10.0
SID (Huo et al., 2025) 190.0 ↑0.0 158.3 ↑3.3 136.7 ↑8.4 165.0 ↓5.0 650.0 ↑6.7

ONLY (Wan et al., 2025) 195.0 ↑5.0 160.0 ↑5.0 133.3 ↑5.0 165.0 ↓5.0 653.3 ↑10.0
AVISC (Woo et al., 2025) 195.0 ↑5.0 156.7 ↑1.7 143.3 ↑15.0 170.0 ↑0.0 665.0 ↑21.7

DiVE 195.0 ↑5.0 163.3 ↑8.3 143.3 ↑15.0 170.0 ↑0.0 671.7 ↑28.4
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A100 SXM4 (80GB) GPUs.

4.2 Results and Discussions

Results on POPE. As detailed in Tables 1 and 2,
DiVE demonstrates robust improvements across
benchmarks. On the Qwen2.5-VL-7B backbone,
DiVE achieves state-of-the-art performance, sur-
passing the strong competitor AVISC by +1.63,
+1.28, and +1.40 average F1 on MS-COCO, A-
OKVQA, and GQA, respectively. Improvements
are even more pronounced on LLaVA-v1.5-7B in
challenging adversarial subsets; for instance, DiVE
outperforms AVISC by +6.36 accuracy on GQA
(Adversarial). These results validate DiVE’s ability
to balance precision and recall effectively.

Results on MME-Hallucination. We further
extend evaluation to the MME-Hallucination, with
detailed results provided in Table 3. DiVE achieves
the highest total scores across both backbones.
With Qwen2.5-VL-7B, DiVE reaches 720.0, sur-
passing second-best AVISC by 11.7 points, mainly
due to a stronger Object-level Count score. Com-
pared to the base model, DiVE yields a clear
attribute-level gain, notably improving Position
by 25.0 points (140.0 → 165.0). Similarly, on
LLaVA-v1.5-7B, DiVE attains 671.7, exceeding
VCD by 23.4 points (and outperforming AVISC by
6.7 points), demonstrating consistent benefits on
both Object-level and Attribute-level scores.

Results on CHAIR. Table 4 further demon-
strates the effectiveness of DiVE on open-ended
generation. Across both backbones, DiVE achieves
the best CHAIR scores among compared methods,
indicating consistently reduced hallucination rates.
On Qwen2.5-VL-7B, DiVE lowers CHAIRS to
31.4 (2.4 points below the second-best M3ID)
and CHAIRI to 7.3 (1.6 points below AVISC),
while also attaining the highest Recall of 73.0.
On LLaVA-v1.5-7B, DiVE reaches 47.4, 13.0 on
CHAIRS and CHAIRI , improving over the strong
SID baseline by 2.8 points in sentence-level hal-
lucinations, while maintaining competitive Recall
(81.5, second-best). These results suggest more
faithful and accurate image descriptions with max
new tokens = 512.

Generalization to Larger and Older Back-
bones. As shown in Table 5, DiVE consis-
tently improves over the corresponding base
models on both the larger LLaVA-v1.5-13B
and the older-generation Qwen-VL-7B. On
LLaVA-v1.5-13B, DiVE improves POPE Accu-

Table 4: Results on CHAIR. We report metric scores
(↓) and Recall (↑) under a max new tokens of 512.

Model Method CHAIRS ↓ CHAIRI ↓ Recall ↑

Q
w

en
2.

5-
V

L
-7

B base (Bai et al., 2025) 37.6 ↑0.0 9.3 ↑0.0 71.7 ↑0.0
VCD (Leng et al., 2024) 37.8 ↑0.2 9.4 ↑0.1 70.8 ↓0.9

M3ID (Favero et al., 2024) 33.8 ↓3.8 9.2 ↓0.1 69.3 ↓2.4
SID (Huo et al., 2025) 36.2 ↓1.4 9.1 ↓0.2 72.5 ↑0.8

AVISC (Woo et al., 2025) 35.4 ↓2.2 8.9 ↓0.4 70.7 ↓1.0

DiVE 31.4 ↓6.2 7.3 ↓2.0 73.0 ↑1.3

L
L

aV
A

-v
1.

5-
7B

base (Liu et al., 2023) 53.2 ↑0.0 14.7 ↑0.0 80.5 ↑0.0
VCD (Leng et al., 2024) 51.2 ↓2.0 14.1 ↓0.6 79.7 ↓0.8

M3ID (Favero et al., 2024) 54.6 ↑1.4 14.8 ↑0.1 82.0 ↑1.5
SID (Huo et al., 2025) 50.2 ↓3.0 13.3 ↓1.4 78.9 ↓1.6

ONLY (Wan et al., 2025) 50.8 ↓2.4 14.5 ↓0.2 80.2 ↓0.3
AVISC (Woo et al., 2025) 51.6 ↓1.6 13.8 ↓0.9 79.3 ↓1.2

DiVE 47.4 ↓5.8 13.0 ↓1.7 81.5 ↑1.0

racy/F1 from 79.53/82.63 to 85.43/85.33, reduces
CHAIRS /CHAIRI from 51.2/14.5 to 46.8/12.6,
and raises MME-Hallucination from 648.3 to
671.7. On Qwen-VL-7B, it increases POPE Ac-
curacy/F1 from 83.23/81.79 to 85.27/84.67, low-
ers CHAIRS /CHAIRI from 52.0/16.7 to 48.0/14.2,
and improves MME-Hallucination from 618.3 to
653.3. These results confirm that DiVE generalizes
effectively across both model scale and architec-
tural generation.

Table 5: Generalization to larger and older back-
bones. Comparison on a larger model (LLaVA-v1.5-
13B) and an older-generation model (Qwen-VL-7B).
We report average POPE Accuracy/F1, CHAIR, and
MME-Hallucination scores.

Model Method POPE CHAIR MMEAccuracy ↑ F1 ↑ CHAIRS ↓ CHAIRI ↓

LLaVA-v1.5-13B base 79.53 82.63 51.2 14.5 648.3
DiVE 85.43 85.33 46.8 12.6 671.7

Qwen-VL-7B base 83.23 81.79 52.0 16.7 618.3
DiVE 85.27 84.67 48.0 14.2 653.3

4.3 Ablation Study

Effectiveness of Structural Prior Constraints.
Figure 3 highlights the importance of our layer
constraints. DiVE achieves the lowest hallucina-
tion levels on both LVLMs, outperforming @Early
and @Late. On Qwen2.5-VL-7B, DiVE reduces
CHAIRS and CHAIRI from 37.6, 9.3 to 31.4, 7.3,
whereas retaining only early or late layers yields
weaker results (34.4, 8.9 and 33.8, 8.3). This sug-
gests early-layer attention can be distorted by sink-
like behavior, while late-layer attention is more
influenced by language priors during answer gener-
ation. The similar trend holds on LLaVA-v1.5-7B.
Overall, these results support excluding early and
late layers when constructing the candidate pool
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for visual-evidence extraction.
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Figure 3: Validation of Structural Prior Constraints.
We compare retaining the specific region in the candi-
date pool (@Early (initial 5%) and @Late (final 5%) vs.
DiVE on Qwen2.5-VL-7B (left) and LLaVA-v1.5-7B
(right).

Table 6: Impact of exclusion ratio κ. Comparison of
performance with varying κ on Qwen2.5-VL-7B and
LLaVA-v1.5-7B.

Model Values POPE CHAIR MME
Accuracy ↑ F1 ↑ CHAIRS ↓ CHAIRI ↓

Q
w

en
2.

5-
V

L
-7

B base 83.93 82.54 37.6 9.3 690.0
κ = 0.00 85.31 84.61 33.8 7.6 703.3
κ = 0.02 86.48 86.06 32.0 8.1 703.3
κ = 0.05 86.70 86.38 31.4 7.3 720.0
κ = 0.08 86.62 86.24 32.2 7.4 713.3
κ = 0.11 86.59 86.18 32.6 8.1 703.3

L
L

aV
A

-v
1.

5-
7B

base 80.01 82.31 53.2 14.7 643.3
κ = 0.00 84.12 83.23 50.6 14.9 651.7
κ = 0.02 84.50 83.60 48.4 14.2 651.7
κ = 0.05 85.49 85.03 47.4 13.0 671.7
κ = 0.08 84.47 83.97 49.0 14.0 656.7
κ = 0.11 83.87 83.14 51.4 15.0 656.7

Impact of Exclusion Ratio κ. We investigate
the sensitivity of our approach to the exclusion ra-
tio κ, which drops the early/late ⌈κL⌉ layers (with
L being the total number of layers). As evidenced
in Table 6, performance consistently peaks at κ =
0.05 across all metrics on both backbones, yielding
the lowest hallucination rates (e.g., CHAIRS of
31.4 and 47.4) and the highest MME score (720.0
and 671.7). Lower ratios (κ < 0.05) may be insuf-
ficient to fully exclude noisy regions, whereas ex-
cessive pruning (κ > 0.05) degrades performance
(e.g., MME drops to 703.3 on Qwen2.5-VL-7B and
656.7 on LLaVA-v1.5-7B at κ = 0.11). Therefore,
we adopt κ = 0.05 as the default trade-off between
noise reduction and evidence preservation.

Impact of Visual Suppression Strength γ. We
analyze the sensitivity of our method to the sup-
pression strength γ (Eq. 10), which determines the
intensity of the visual steering vector subtracted
from the hidden state. As shown in Table 7, per-
formance consistently peaks at γ = 0.5. A mod-
erate value of γ = 0.5 effectively suppress the
visual evidence to construct a reliable textual refer-
ence. Lower values (γ < 0.5) result in insufficient

Table 7: Impact of suppression strength γ. Compari-
son of performance with varying γ on Qwen2.5-VL-7B
and LLaVA-v1.5-7B.

Model Values POPE CHAIR MME-Hallu
Accuracy ↑ F1 ↑ CHAIRS ↓ CHAIRI ↓

Q
w

en
2.

5-
V

L
-7

B base 83.93 82.54 37.6 9.3 690.0
γ = 0.10 85.86 84.85 34.0 7.7 708.3
γ = 0.30 86.28 85.87 32.8 7.4 708.3
γ = 0.50 86.70 86.38 31.4 7.3 720.0
γ = 0.80 86.13 85.02 32.6 7.3 713.3
γ = 1.00 85.90 85.01 34.2 7.6 713.3

L
L

aV
A

-v
1.

5-
7B

base 80.01 82.31 53.2 14.7 643.3
γ = 0.10 85.12 84.79 51.6 14.7 650.0
γ = 0.30 85.33 84.87 49.4 14.3 656.7
γ = 0.50 85.49 85.03 47.4 13.0 671.7
γ = 0.80 84.97 84.34 49.8 14.0 671.7
γ = 1.00 84.87 83.21 50.4 14.5 671.7

suppression, where the reference representation re-
mains entangled with visual information, reducing
the contrastive effect. Conversely, excessive sup-
pression (γ > 0.5) overly alters the hidden states,
distorting the semantic features and leading to per-
formance degradation. Consequently, we adopt
γ = 0.5 as the optimal setting to balance evidence
removal and feature stability. More parameter anal-
ysis are provided in Appendix B.1.

Table 8: Ablation on layer selection strategy. Compar-
ison of different selection metrics on Qwen2.5-VL-7B.

Strategy POPE CHAIR MME-Hallu ↑
Accuracy ↑ F1 ↑ CHAIRS ↓ CHAIRI ↓

base 83.93 82.54 37.6 9.3 690.0
al → rl 84.17 83.26 36.2 8.6 708.3
al → rl × al 85.60 84.85 33.6 7.8 710.0
Levi → {argmaxαl} 84.58 83.64 35.2 8.1 688.3

DiVE 86.70 86.38 31.4 7.3 720.0

Analysis of Layer Selection Strategy. Table 8
validates the necessity of our V-LAC criterion (αl).
We define the visual attention ratio rl:

rl =
1

H

H∑

h=1

∑
i∈Ivis Ah,l(i)∑

iAh,l(i)
. (15)

The Ah,l denote the attention distribution of the
token used to predict the first generated token.
Replacing al with the visual attention ratio rl
markedly worsens performance (CHAIRS : 31.4
→ 36.2), indicating that the visual attention mass
ratio alone is not a reliable proxy for effective vi-
sual evidence. Weighting al by rl (rl × al) remains
suboptimal (CHAIRS = 33.6), suggesting that ev-
idence quality captured by al is more informative
than simply attending more. Moreover, selecting
only the single best layer (argmax al) collapses
performance (MME-Hallu: 720.0 → 688.3), im-
plying that visual evidence is distributed across
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multiple layers, and our dynamic thresholding bet-
ter preserves this multi-layer evidence.
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Figure 4: Inference efficiency on Qwen-2.5-VL-7B.
We report the average per-token latency (ms) and peak
GPU memory cost (MB).

Why Not Directly Strengthen Visual Evidence?
As shown in Table 9, directly strengthening the
estimated visual-evidence direction is consistently
worse than DiVE on both backbones. On Qwen2.5-
VL-7B, Vision boost reaches 84.01/82.91 on
POPE Accuracy/F1, compared with 86.70/86.38
for DiVE, and also performs worse on CHAIR
(34.6/8.3 vs. 31.4/7.3) and MME-Hallucination
(690.0 vs. 720.0). A similar trend holds on
LLaVA-v1.5-7B, where Vision boost obtains
81.21/83.69 on POPE Accuracy/F1, compared
with 85.49/85.03 for DiVE, and remains inferior
on CHAIR (50.4/14.3 vs. 47.4/13.0) and MME-
Hallucination (650.0 vs. 671.7). These results sug-
gest that simply amplifying the estimated evidence
direction is insufficient for reliable hallucination
mitigation.

Table 9: Direct evidence boosting vs. DiVE. Compari-
son with a simpler alternative that directly strengthens
the estimated visual-evidence direction and decodes
without contrastive calibration.

Model Method POPE CHAIR MMEAccuracy ↑ F1 ↑ CHAIRS ↓ CHAIRI ↓

Qwen2.5-VL-7B
base 83.93 82.54 37.6 9.3 690.0

DiVE 86.70 86.38 31.4 7.3 720.0
Vision boost 84.01 82.91 34.6 8.3 690.0

LLaVA-v1.5-7B
base 80.01 82.31 53.2 14.7 643.3

DiVE 85.49 85.03 47.4 13.0 671.7
Vision boost 81.21 83.69 50.4 14.3 650.0

4.4 Efficiency Comparison

As illustrated in Figure 4, conventional contrastive
methods (e.g., VCD, M3ID) incur a substantial la-
tency penalty (∼ 2×) due to dual forward passes.
In contrast, DiVE maintains inference speeds com-
parable to the Base model by restricting interven-
tion to a sparse subset of evidence layers. This

ensures efficient hallucination mitigation with neg-
ligible memory overhead. Detailed numerical re-
sults are provided in Appendix B.2.

5 Conclusion

In this work, we present DiVE, a training-free de-
coding framework to mitigate visual hallucinations
in LVLMs. Addressing the limitations of prior
internal methods in decoupling effective visual evi-
dence from textual context, DiVE implements adap-
tive visual-evidence layer identification and intra-
layer decoupling. This process extract aggregated
visual evidence directly from attention mechanisms.
By suppressing this evidence, we construct a reli-
able textual reference distribution to contrastive
decoding against language priors. Extensive evalu-
ations confirm that DiVE achieves state-of-the-art
results on multiple hallucination benchmarks. Cru-
cially, DiVE operates without the latency of extra
forward passes or external perturbations, offering a
highly adaptable and efficient solution for LVLMs’
visual hallucination mitigation.

6 Limitations

DiVE effectively mitigates hallucinations but re-
mains challenged in scenarios demanding fine-
grained perception and precise spatial grounding
(Figure 6). When visual evidence is weak or
ambiguous, the LVLMs can still confuse visu-
ally similar categories, misidentify small or par-
tially occluded objects, or accept incorrect spa-
tial premises. Dense contexts also amplify object
co-occurrence biases, where plausible associations
(e.g., desk→bookshelf, street→traffic lights) can
still compete with subtle visual cues. DiVE intro-
duces additional test-time computation due to intra-
layer evidence extraction and the textual-reference
construction, but the practical overhead is modest:
42.6 ms/token (1.28×) with negligible memory in-
crease (1.03×), substantially more efficient than
contrastive baselines that nearly double latency.
Still, DiVE consistently mitigate hallucination and
yields significant gains.
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Appendix
Our appendix is organized as follows:

• Section A: Detailed experimental setups, in-
cluding benchmark definitions and baseline
formulations.

• Section B: Extended ablation studies, includ-
ing parameter sensitivity and computational
cost analysis.

• Section C: Comprehensive qualitative com-
parisons and error analysis.

A More Experimental Details

A.1 Baselines
We compare our approach against the following
state-of-the-art hallucination mitigation strategies.
We provide a brief formulation for each method
below.

VCD (Visual Contrastive Decoding).
VCD (Leng et al., 2024) mitigates statistical
biases and language priors by contrasting the logits
derived from the original visual input v against
those from a distorted visual input v′. The distorted
image v′ is typically synthesized by applying a
Gaussian noise mask following a forward diffusion
process. The calibrated probability distribution is
defined as:

pvcd(y | v, v′, x) = softmax
(
(1 + α) logit(y | v, x)

− α logit(y | v′, x)
)

(16)
where α is a hyperparameter controlling the

penalty strength. This mechanism enforces the
model to favor tokens that are robust to visual
perturbations, thereby suppressing hallucinations
driven by language priors.

M3ID (Multi-Modal Mutual Information Decod-
ing). M3ID (Favero et al., 2024) mitigates hal-
lucinations by contrasting the token distributions
with the image and without the image (text-only
prior) during decoding, and adding a corrective
term when the model is not confident. It measures
the discrepancy between the conditional logits ℓc
(with image) and the unconditional logits ℓu (text-
only prior):

ℓc(yt) = ℓ(yt | y<t, x, c), ℓu(yt) = ℓ(yt | y<t, x).

(17)

M3ID uses an adaptive weight γt (with a confi-
dence gate and a time-dependent schedule) to scale
the corrective term (ℓc − ℓu).

ℓfinal(yt) = ℓc(yt) + γt
(
ℓc(yt)− ℓu(yt)

)
, (18)

This adaptive re-weighting amplifies image-
grounded signals specifically when the language
prior dominates the generation process.

SID (Self-Introspective Decoding). Unlike holis-
tic image distortion methods, SID (Huo et al., 2025)
employs a token-level intervention strategy. It uti-
lizes a Context and Text-aware Token Selection
(CT2S) mechanism to compute visual token impor-
tance scores based on the attention matrix A(l) from
a selected decoder layer l (typically early layers):

Scorel,i(v) =
1

h

h∑

j=1

A
(l)
j,−1, i. (19)

SID constructs a “hallucination-inducing” context
by retaining only the least important visual tokens
(those with the lowest scores). The final decoding
subtracts the logits generated from this perturbed
context from the original logits, thereby effectively
filtering out spurious vision-text associations.

AVISC (Attentional Vision Calibration).
AVISC (Woo et al., 2025) proposes a training-free
calibration method that operates on the attention
mechanism. It identifies blind tokens via the
image-wise attention distribution and performs a
training-free logit calibration by contrasting the
original predictions against a blind-token baseline
branch. The calibrated probability is approximated
as:

pavisc(yt) ≈ softmax
(
(1 + α) ℓ(yt | v, x)

− α ℓ(yt | vblind, x)
) (20)

By down-weighting tokens that remain highly
probable under the blind-token baseline branch,
AViSC reduces the model’s reliance on parametric
knowledge and unimodal biases.

ONLY (One-Layer Intervention). ONLY (Wan
et al., 2025) posits that effective hallucination mit-
igation can be achieved through intervention at a
single Transformer layer. It introduces the Text-to-
Visual Entropy Ratio (TVER) to identify attention
heads that disproportionately prioritize textual in-
formation:
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Hhigh =

{
h : TVERl,h ≥ 1

H

H∑

h′=1

TVERl,h′

}
.

(21)
The method inserts a textual-enhanced multi-head
attention (TE-MHA) at a single selected layer to
obtain textual-enhanced logits, and then adaptively
performs contrastive and collaborative decoding
with the original logits.

A.2 Benchmark

To comprehensively assess the extent of halluci-
nation in LVLMs, we conduct experiments across
three widely-adopted benchmarks. The detailed
configurations and metric definitions are elaborated
below.

POPE. (Polling-based Object Probing Evalua-
tion) (Li et al., 2023) serves as a primary metric
for assessing object-level hallucinations. It oper-
ates by querying the model with binary “Yes-or-
No” questions regarding the existence of specific
objects in an image (e.g., “Is there a {object} in
the image?”). To ensure a fair comparison, we
strictly employ the standard query format with-
out appending auxiliary prompt (e.g., “Please an-
swer yes or no”). The evaluation corpus is con-
structed based on images sampled from standard
datasets, including MSCOCO (Lin et al., 2014), A-
OKVQA (Schwenk et al., 2022) and GQA (Hudson
and Manning, 2019), each combination of dataset
and query type (random, popular, adversarial) con-
sists of 3,000 samples. This probing strategy ef-
fectively isolates the model’s tendency to halluci-
nate non-existent objects without the interference
of complex language generation metrics.

CHAIR. (Caption Hallucination Assessment
with Image Relevance) (Rohrbach et al., 2018)
evaluates hallucinations in the context of free-form
image captioning. In our experiments, LVLMs
are prompted to generate descriptions for 500 ran-
domly selected images from the MSCOCO vali-
dation set. For each image, captions are gener-
ated by prompting the LVLMs with the prompt:
“Please describe this image in detail.”. The eval-
uation metrics categorize hallucinations into two
granularities: instance-level (CHAIRI ), sentence-
level (CHAIRS) and recall. These are formally
defined as:

CHAIRI =
| {hallucinated objects mentioned} |

| {all objects mentioned} |

CHAIRS =
| {hallucinated captions} |

| {all captions} |

Recall =
| {correctly predicted objects} |
| {total ground-truth objects} |

(22)
A lower score on these metrics indicates a re-

duced frequency of hallucinated content and higher
generation fidelity.

MME-Hallucination. We further include MME-
Hallucination (Fu et al., 2025) for a more granular
analysis. This benchmark comprises four distinct
subsets targeting different hallucination types: Ex-
istence and Count (object-level), alongside Position
and Color (attribute-level). Each subset contains
30 images paired with 60 binary questions (two per
image). Consistent with the protocol in POPE (Li
et al., 2023), this benchmark also relies on binary
queries. Following the official implementation (Fu
et al., 2025), performance is reported using the sum-
mation of Accuracy and Accuracy+. Here, Accu-
racy denotes the correctness of individual answers,
while Accuracy+ acts as a stricter metric, requiring
both questions associated with a single image to be
answered correctly to count as a pass.

A.3 Dataset and Model Licensing

Datasets. We use established public benchmarks
and follow their original access conditions and li-
censes. POPE (Li et al., 2023) is released under the
MIT license. CHAIR (Rohrbach et al., 2018) eval-
uation code is released under the BSD 2-Clause li-
cense. For MS-COCO (Lin et al., 2014), the images
remain under their original Flickr licenses, while
COCO annotations are distributed under CC BY
4.0. A-OKVQA (Schwenk et al., 2022) is built on
MS-COCO images; we follow MS-COCO image
terms and use A-OKVQA according to its release
conditions (the official repository is Apache-2.0).
GQA (Hudson and Manning, 2019)is used under
its public release conditions (commonly distributed
under CC BY 4.0 in widely used distributions).
MME-Hallucination is used strictly for academic
research purposes following its benchmark release
conditions (commonly described as research-only).

Code and Models. We conduct experiments us-
ing open-source LVLM backbones and official
implementations when available. LLaVA-v1.5-
7B (Liu et al., 2023) is licensed under Apache-2.0.
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Table 10: Impact of confidence threshold τ on our model (employ DiVE on Qwen2.5-VL-7B)

POPE CHAIR / MME

τ Accuracy ↑ F1-score ↑ τ CHAIRS ↓ CHAIRI ↓ MME-Hallu ↑

base 83.93 82.54 base 37.6 9.3 690.0

0.10 86.70 86.38 0.70 33.0 7.7 720.0
0.20 86.38 85.87 0.75 32.8 7.6 720.0
0.30 85.71 85.43 0.80 33.4 7.7 720.0
0.40 85.83 85.78 0.85 31.4 7.3 720.0
0.50 85.91 85.95 0.90 32.6 7.5 715.0

Table 11: Impact of confidence threshold τ on our model (employ DiVE on LLaVA-v1.5-7B).

POPE CHAIR / MME

τ Accuracy ↑ F1-score ↑ τ CHAIRS ↓ CHAIRI ↓ MME ↑

base 80.01 82.31 base 53.2 14.7 643.3

0.10 85.49 85.03 0.70 50.6 13.8 661.7
0.20 85.23 84.72 0.75 48.4 13.4 661.7
0.30 85.03 84.51 0.80 48.0 13.4 661.7
0.40 85.10 84.62 0.85 46.8 13.0 671.7
0.50 84.97 84.26 0.90 49.2 13.7 661.7

Table 12: Computational cost analysis. Measurements
are averaged over 3 runs on an NVIDIA A100 GPU.
Values in gray denote the relative overhead factor (×)
compared to the Qwen2.5-VL-7B.

Method GPU Memory (MB) ↓ Avg. Latency (ms/token) ↓

Base 17568 (×1.00) 33.4 (×1.00)
VCD (Leng et al., 2024) 18513 (×1.05) 65.9 (×1.97)
SID (Huo et al., 2025) 18118 (×1.03) 68.4 (×2.05)

M3ID (Favero et al., 2024) 18309 (×1.04) 65.1 (×1.95)
AVISC (Woo et al., 2025) 17999 (×1.02) 67.1 (×2.01)

DiVE 18078 (×1.03) 42.6 (×1.28)

Qwen2.5-VL-7B (Bai et al., 2025) is licensed under
Apache-2.0.

B More Ablation Studies and Analysis

B.1 Sensitivity to Confidence Threshold

We analyze the impact of the confidence threshold
τ , which controls the candidate selection scope. As
shown in Tables 10 and 11, the optimal threshold
varies based on task characteristics. For binary ex-
istence probing (POPE), performance peaks at a
lower threshold (τ = 0.1), indicating that retain-
ing a broader candidate pool effectively safeguards
against false negatives without introducing exces-
sive noise. Conversely, complex generation and
attribute reasoning tasks (CHAIR, MME) bene-
fit from stricter constraints (τ = 0.85). In these
scenarios, a higher threshold is necessary to rigor-
ously filter out low-confidence candidates driven

by language priors, ensuring high-fidelity genera-
tion. Consequently, we adopt τ = 0.1 for POPE
and τ = 0.85 for CHAIR and MME to achieve
optimal performance across diverse benchmarks.

B.2 Detailed Computational Costs
To assess inference efficiency, we report fine-
grained measurements of per-token latency and
memory consumption in Table 12. Experiments
are conducted on an NVIDIA A100 SXM4 (80GB)
GPU. Following the standard CHAIR benchmark
protocol, we randomly sample 500 instances and
set the maximum new token limit to 512. To mini-
mize variance, each sample is decoded three times,
and the results are averaged. Quantitative results re-
veal that while baselines like VCD and M3ID essen-
tially double the inference time (1.97× and 2.05×,
respectively), DiVE maintains a streamlined execu-
tion flow with an average latency of 42.6 ms/token
(only 1.28× overhead). Furthermore, the mem-
ory cost increase is negligible (1.03×), validating
DiVE as a highly efficient solution for practical
deployment.

C More Case Studies and Error Analysis

C.1 Qualitative Comparison
To demonstrate the effectiveness of DiVE across
different architectures, we compare qualitative re-
sults in Figure 5, where the Top Panel displays
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Qwen2.5-VL-7B and the Bottom Panel displays
LLaVA-v1.5-7B.

Mitigating Co-occurrence and False Nega-
tives (POPE). DiVE shows robust performance in
both rejecting hallucinations and recovering miss-
ing details. In the bus depot scenario (Bottom
Panel), baselines incorrectly confirm a “motorcycle”
due to its co-occurrence with “bus,” which DiVE
correctly rejects. Conversely, in the kitchen scene
(Top Panel), the baseline fails to detect a “spoon,”
whereas DiVE successfully retrieves this missing
object, effectively decoupling visual evidence from
statistical priors.

Fine-grained Attribute Grounding (MME).
Standard decoding methods often fail to align nu-
merical attributes with visual facts. As shown in
the Bottom Panel, baselines fail to distinguish the
specific count of “two bottles,” while in the Top
Panel, they incorrectly affirm “three people.” In
both cases, DiVE accurately identifies the discrep-
ancies, demonstrating superior sensitivity to fine-
grained visual details over holistic sentence proba-
bility.

Suppressing Contextual Hallucination
(CHAIR). In open-ended captioning, baselines
succumb to strong context priors. For instance, in
the choir performance (Bottom Panel), baselines
hallucinate an “audience” simply because of
the “stage” context. DiVE resists this generative
hallucination, generating a faithful description
focused solely on the visible performers and screen.

C.2 Error Analysis
We further analyze failure cases in Figure 6 to iden-
tify common challenges shared across architectures.
A primary source of error is visual uncertainty,
where models struggle with fine-grained discrimi-
nation; for instance, Qwen-2.5-VL-7B (Top Panel)
confuses a cow with “sheep” due to feature similar-
ity, while LLaVA-v1.5-7B (Bottom Panel) misiden-
tifies a red object in the snow as a “traffic light.”
Spatial reasoning also remains a bottleneck, as seen
when Qwen fails to determine the spatial relation-
ship of elephants and LLaVA accepts the incorrect
premise of a “light under the computer.” Further-
more, strong object co-occurrence biases can still
override visual evidence in dense contexts: Qwen-
2.5-VL-7B hallucinates a “bookshelf” simply due
to the presence of a desk, and LLaVA generates
“traffic lights” in a busy street scene despite their
absence. These results highlight that while DiVE

effectively mitigates hallucinations, distinguishing
ambiguous visual evidence from strong language
priors remains a persistent challenge for the field.
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Question: Are there only three people appear in this image? Please answer yes or no.
Label: No
Base (Qwen 2.5-VL-7B): Yes.
VCD: Yes.
SID: Yes.
AVISC: Yes.
DiVE: No.

Question: Is there a spoon in the image?
Label: Yes
Base (Qwen 2.5-VL-7B): No, there is no spoon visible in the image.
VCD: No, there are no spoons visible in the image.
SID: There are no spoons visible in the image.
AVISC: There doesn't appear to be a spoon in the image.
DiVE: Yes, there is a wooden spoon hanging on the left side of the image.

Question: Please describe this image in detail.
Ground truth words: [“person”, “bus”] 
Base (Qwen 2.5-VL-7B): The image shows a double-decker bus parked indoors, likely at a bus station or depot. ... 
The interior appears to be visible through the windows, showing passengers seated inside.\n\nIn the foreground, there 
is a stroller parked near the bus, suggesting the presence of people who might be traveling with children. …
VCD: The image shows a double-decker bus parked indoors, likely in a large hangar or garage. ... The interior is 
visible through the windows, showing passengers seated inside. ... In the foreground, a stroller is parked near the bus, 
suggesting the presence of a pedestrian, possibly a parent or guardian, who is not fully visible in the frame. ..."

POPE

MME-Hallucination

CHAIR

Visual Input

Visual Input

Visual Input

SID: The image shows a double-decker bus stationary inside a large indoor space. ... The lower deck windows are transparent, and it appears that there are 
passengers seated within the vehicle. ... A stroller is placed near the front, indicating that a pedestrian or a family is likely nearby. ..."
AVISC: The image depicts a double-decker bus parked indoors, possibly at a maintenance depot. ... Through the glass, one can observe figures that look like 
passengers seated inside. ... and a few people or staff might be in the background, while a stroller sits prominently in the foreground. ..."
DiVE: The image shows a double-decker bus parked indoors, likely in a large hangar or garage. The bus is labeled as an \"Electric Hybrid Bus\" and is 
designed to promote environmentally friendly travel with the tagline \"Greener Travel with Low Emissions.\" The bus has a predominantly white body with 
green accents, including large green leaf designs on the side, symbolizing its eco-friendly nature. The text on the side of the bus is in a clean, modern font, 
and the bus appears to be a modern model, possibly for public transportation.\n\nIn the foreground, there is a stroller with a person sitting in it, suggesting the 
presence of a child. The stroller is positioned close to the bus, and the person appears to be waiting or observing the bus. The indoor setting has a high ceiling 
with visible structural beams and lighting fixtures, indicating that the bus is in a maintenance or exhibition area. The floor is made of concrete, and the overall 
environment looks clean and organized.

Question: Is there two bottles in the image? Please answer yes or no.
Label: No
Base (LLaVA-1.5-7B): Yes.
VCD: Yes.
SID: Yes.
AVISC: Yes.
DiVE: No.

Question: Is there a motorcycle in the image?
Label: No
Base (LLaVA-1.5-7B): Yes
VCD: Yes
SID: Yes
AVISC: Yes
DiVE: No

Question: Please describe this image in detail.
Ground truth words: [“person”, “tie”] 
Base (LLaVA 1.5-VL-7B): The image features a group of young men standing on a stage, dressed in suits and ties, 
and singing together. There are at least 12 people in the group, ….The stage is set up with a microphone in the 
foreground, and a TV screen is visible in the background, likely displaying lyrics or information related to the 
performance. The audience is seated in the background, watching and enjoying the performance …
VCD: The image features a group of young men standing on a stage, dressed in suits and ties, and singing together. ... 
The stage is adorned with a large screen behind the group, which likely displays lyrics. The audience is seated in the 
background, appearing to watch and enjoy the performance. ..."

POPE

MME-Hallucination

CHAIR

Visual Input

Visual Input

Visual Input

SID: The image depicts a group of young men performing on stage, wearing jackets and ties, and holding microphones. ... A TV screen is visible in the 
background, likely part of the stage setup. The audience is seated in the dark area facing the stage, observing the show. ..."
AVISC: The image features a group of young men standing on a stage, dressed in suits and ties, and singing together. …The stage is adorned with a screen, 
which could be used for displaying lyrics, visuals, or other information related to the performance. The audience is seated in the background, watching and 
enjoying the performance."The image captures a group of young men standing on a stage, dressed in semi-formal attire with ties, and singing as a choir. ... 
The background features a screen for visual effects. Additionally, the audience is seated in the venue, focused on the musical performance. ..."
DiVE: The image features a group of young men standing on a stage, dressed in suits and ties, and singing together. There are at least thirteen people in the 
group, with some standing closer to the front of the stage and others further back. They appear to be a part of a choir or a musical group, possibly 
performing at a concert or event.\n\nThe stage is adorned with a screen, which likely displays lyrics or other visuals related to their performance. The group 
appears to be well-prepared and focused on their performance, creating an engaging atmosphere for the audience.

Figure 5: Qualitative comparison on POPE, MME, and CHAIR. We compare the performance of DiVE with the
other decoding methods (employed on Qwen2.5-VL-7B (Top) and LLaVA-v1.5-7B (Bottom)). Green and red text
indicate correct predictions and hallucinations respectively.
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Question: Is the brown elephant in front of the gray elephant? Please answer yes or no.
Label: No
Base (Qwen 2.5-VL-7B): Yes.
VCD: Yes.
SID: Yes.
AVISC: Yes.
DiVE: Yes.

Question: Is there a cow in the image?
Label: Yes
Base (Qwen 2.5-VL-7B): “No, there is no cow in the image.”
VCD: “There are sheeps in the image, but no cows.”
SID: “No, there is no cow in the image.”
AVISC: “No, there is no cow in the image.”
DiVE: “There are sheep in the image, not cows.”

Question: Please describe this image in detail.
Ground truth words: [“dog”, “book”, “dining table”] 
Base (Qwen 2.5-VL-7B): This image features a pug standing on its hind legs, leaning against a desk with its front 
paws resting on the edge. …The desk has some papers and a small blue bowl on it. … In the background, there is a 
bookshelf filled with books of various sizes and colors, …
VCD: The image features a pug standing on its hind legs, leaning its front paws against a desk. ... The desk appears 
cluttered with items, including loose papers and a small blue bowl, possibly containing water. The background is 
occupied by a large bookshelf filled with books of various colors, ..."
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SID: This image displays a pug balancing on its hind legs, resting its weight on a desk. ... On the surface of the desk, 
there is a stack of papers and a distinct small blue bowl. ... Behind the dog, the room features a bookshelf that is 
densely packed with books, creating a studious atmosphere. ..."

AVISC: The image captures a pug standing upright on its hind legs, propped up against a desk. ... The desk surface 
holds several objects, such as a document and a small blue bowl near the edge. ... The background consists of shelves 
lined with books, suggesting the setting is a home office or library. ..."

DiVE: This image features a pug standing on its hind legs, leaning on a desk with its front paws. The pug appears to be looking up, possibly at the camera 
or someone off-frame. The desk is cluttered with various items, including a stack of papers, a small blue bowl, and a pen. … The background is filled with 
bookshelves, which are densely packed with books of various sizes and colors, …

Question: Is the light under the computer in the image? Please answer yes or no.
Label: No
Base (LLaVA-1.5-7B): Yes
VCD: Yes
SID: Yes
AVISC: Yes
DiVE: Yes

Question: Is there a traffic light in the image?
Label: No
Base (LLaVA-1.5-7B): Yes
VCD: Yes
SID: Yes
AVISC: Yes
DiVE: Yes
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Question: Please describe this image in detail.
Ground truth words: [“person”, “traffic light”, “car”] 
Base (LLaVA-1.5-7B): The image depicts a busy street with a red car driving down the road, surrounded by several 
other cars. There are multiple traffic lights positioned along the street, … and a couple of people are standing near 
the traffic lights.\n\nThe street is lined with buildings, giving it a town-like atmosphere. There are also a few benches 
placed along the sidewalk, providing seating for pedestrians. …
VCD: The image depicts a busy street scene with a red car driving down the road…A traffic light is visible on the 
left side of the street, and a stop sign is present on the right side. …There are also a few pedestrians walking along 
the sidewalk, adding to the bustling atmosphere of the scene.…"The image depicts a busy street scene with a red car 
driving down the road... A traffic light is mounted on the left side, and a stop sign appears to be present on the 
right. ... Additionally, a few pedestrians are walking along the sidewalk, contributing to the busy atmosphere. ...
SID: The image illustrates a busy street with a prominent red car moving down the road, surrounded by traffic. ... Several traffic lights are positioned 
along the route, ... and a few benches are situated on the sidewalk, offering seating for passersby. ...
AVISC:  The image portrays a busy street scene featuring a red car in motion... A traffic light is clearly visible on the left, while a stop sign is located on 
the right side of the intersection. ... There are also several pedestrians strolling along the sidewalk, adding life to the scene ..."
DiVE: The image depicts a busy street with a red car driving down the road, surrounded by other vehicles. There are several cars and a truck in the scene, 
with some cars positioned behind the red car and others in front of it. A traffic light is visible on the left side of the road, indicating that the traffic is being 
regulated.\n\nIn addition to the vehicles, there are multiple people walking along the sidewalk, some of them carrying handbags. …

Figure 6: Error analysis on challenging samples. We compare the performance of DiVE with the other decoding
methods (employed on Qwen2.5-VL-7B (Top) and LLaVA-v1.5-7B (Bottom)). Green and red text indicate correct
predictions and hallucinations respectively.
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