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Abstract

Large vision-language models (LVLMs) often
hallucinate due to over-reliance on language
priors. Existing methods implicitly assume that
visual tokens maintain consistent semantics
across layers and thus indiscriminately inject
shallow-layer visual information into deeper
layers. We identify a new phenomenon, termed
correlation flip, where a visual token positively
correlated with the decoding context in an inter-
mediate layer becomes negatively correlated
in the final layer, indicating that correct vi-
sual evidence is suppressed before prediction.
Based on this finding, we propose Correlation-
Flip Visual Injection (CFVI), a simple and
training-free decoding-time method that selec-
tively identifies correlation-flip tokens and in-
jects corrective visual signals into the final-
layer hidden state to restore suppressed evi-
dence and mitigate hallucinations. CFVI can
be directly applied to existing LVLMs, and in-
troduces minimal computational overhead. Ex-
periments on multiple benchmarks demonstrate
that CFVI achieves strong performance while
preserving language fluency. Code: CFVI.

1 Introduction

Large vision-language models (LVLMs) have
achieved strong performance on a wide range of
multimodal tasks (Alayrac et al., 2022; Li et al.,
2023a; Liu et al., 2023). Their reliable deployment
also requires multidimensional safety evaluation
and human-preference-aligned assessment (Wang
and Sun, 2025). However, their generations still
suffer from hallucinations, where model outputs
mention content that is inconsistent with the image
or absent from it (Li et al., 2023b; Liu et al., 2024,
Rohrbach et al., 2018). Since many LVLMs are
built on large language models (LLMs) (DeepSeek-
Al et al., 2024; Jiang et al., 2024; Bai et al., 2023),
they naturally inherit strong language priors, which
constitute an important source of hallucination
(Khayatan et al., 2026).

Recent work proposes various strategies to miti-
gate hallucinations. Training-free methods usually
intervene in inference to suppress hallucinated con-
tent. Contrastive decoding and its variants calibrate
predictive probabilities by constructing differential
distributions, such as image-missing views or coun-
terfactual images, thereby reducing over-reliance
on language priors (Leng et al., 2024; Wang et al.,
2024; Zhu et al., 2025; Huo et al., 2025; Fang et al.,
2025). These methods often introduce substantial
computational overhead.

A complementary direction enhances visual rep-
resentations. Improving sensitivity to low-level
visual features is often viewed as a fundamental
way to reduce hallucinations (Wang et al., 2025).
Existing approaches introduce multimodal feature
compensation by injecting condensed visual fea-
tures into feed-forward networks (Zhu et al., 2026;
Zou et al., 2025) or by using residual connections
to fuse accurate visual information from shallow
layers (Chen et al., 2026). However, these meth-
ods usually inject visual information from inter-
mediate layers into deeper layers without precise
selection. They also share an implicit assumption:
the semantic role of a visual token remains rela-
tively consistent across layers. In other words, if
a visual token reflects certain visual evidence in
shallow or intermediate layers, deeper layers are
expected to maintain a consistent understanding
of what the model has perceived, with only the in-
fluence strength changing rather than the semantic
interpretation being fundamentally reversed.

Our observation shows that this assumption does
not always hold. During the forward pass, some
visual tokens are positively correlated with the cur-
rent decoding context in intermediate layers, but
they gradually become negatively correlated as in-
formation propagates to deeper layers. We call this
phenomenon "correlation flip". Specifically, the
model perceives the right evidence in intermediate
layers, but during final-layer generation, this visual
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3‘ Question: Please describe this image in detail. } {

[} Correlation-Flip Tokens
Red regions indicate tokens that are supported in early layers but suppressed in the final layer.

Generation Step: Step 0 Step 8

Step 32 Step 64 Step 96

“The image features a
dining table with ...”

“The image features a
large colorful cat
statue ...”

Partial Caption: “The.”

“The image features a dining
table with a cup of coffec and a
banana on it. The banana is

“The image features a
dining table with a cup of
coffee and a banana on it. placed near the center of the table.
The banana is placed near There is also a muffin on the
the center of the table ...” table.”

“The image features a

dining table with a cup

of coffee and a banana
onit..”

“The image features a large
colorful cat statue sitting on a
wooden table. The cat statue is
positioned in the center of the

“The image features a large
colorful cat statue sitting on

a wooden table.The cat
scene. There are several people

statue is positioned in the standing near the Ieft side of the
center of the scene ... scene.”

“The image features a
large colorful cat statue
sitting on a wooden
table ...”

Figure 1: Spatial distribution of correlation-flip tokens during generation with CFVI. These tokens are abundant
throughout decoding and concentrate around salient image regions that correspond to key objects.

evidence is suppressed, diluted, or even reversed
by language priors, causing the final output to devi-
ate from image facts. As shown in Figure 1, many
correlation-flip tokens appear during the model gen-
eration process and concentrate around salient re-
gions corresponding to key objects. We argue that
correlation flip is an informative signal associated
with hallucination in LVLMs.

Based on this finding, we propose Correlation-
Flip Visual Injection (CFVI), a targeted visual
correction framework for hallucination mitigation.
CFVI identifies correlation-flip tokens by measur-
ing cross-layer cosine correlations between visual
tokens and decoding hidden states, selecting tokens
that are positively correlated in an intermediate
layer but negatively correlated in the final layer. It
then computes adaptive weights based on the flip
magnitude and aggregates these tokens into a cor-
rective visual signal, which is injected into the final-
layer hidden state to influence language prediction.
Unlike methods that globally enhance visual rep-
resentations, CFVI selectively corrects only visu-
ally grounded tokens whose semantic alignment
reverses during decoding, enabling more precise
hallucination mitigation.

This design improves both visual feature qual-
ity and the use of visual information by the model.
We validate CFVI on multiple hallucination bench-
marks and show that it achieves strong efficiency.
Experiments demonstrate that precise injection im-
proves faithfulness to image facts while preserving
fluent generation. Our main contributions are sum-
marized as follows:

* We discover and formalize the "correlation
flip" phenomenon of visual tokens: the same
token is positively correlated with the con-
text in intermediate layers but becomes nega-
tively correlated in the final layer. This reveals,
from a new perspective, that hallucinations in
LVLMs may be associated with "seeing but
ultimately failing to use" rather than merely
"not seeing."

* We propose Correlation-Flip Visual Injection
(CFVI), a targeted decoding-time correction
method that identifies visual tokens with re-
versed cross-layer semantic alignment, and
adaptively injects aggregated corrective sig-
nals into the final-layer hidden state to recover
suppressed visual evidence for fine-grained
hallucination mitigation.

* Our method not only improves visual feature
quality but also enhances the use of visual in-
formation by the model. It achieves strong per-
formance and maintains high efficiency across
multiple benchmarks, demonstrating that cor-
relation flip is a useful signal for mitigating
hallucinations in LVLMs.

2 Related Work
2.1 Hallucination in LVLMs

Hallucination in large vision-language models
(LVLMs) is commonly understood as text genera-
tion that is inconsistent with image content. Instead,
it results from multiple internal mechanisms. Prior
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studies show that LVLMs rely on both visual evi-
dence and language priors during generation, and
language priors can dominate in many cases (Khay-
atan et al., 2026; Li et al., 2026; Zhang et al., 2026).
Consequently, even when a model receives correct
visual information, its final output may still deviate
from image facts. From the perspective of repre-
sentation learning, hallucination is also related to
cross-layer representation evolution (Jiang et al.,
2025; Lin et al., 2026). Visual information often
retains strong perceptual properties in intermediate
layers, while deeper layers gradually couple it with
language modeling objectives (Favero et al., 2024).

2.2 Hallucination Mitigation in LVLMs

Existing training-free methods for hallucination
mitigation in LVLMs typically reduce hallucina-
tions by modifying generation strategies, reranking
candidate outputs, or introducing confidence-based
constraints (Leng et al., 2024; Wang et al., 2024;
Zhu et al., 2025; Huo et al., 2025; Fang et al., 2025;
Min et al., 2025). Among these, a line of work
improves grounding by enhancing or injecting vi-
sual evidence (Wang et al., 2025; Zhu et al., 2026;
Zou et al., 2025; Chen et al., 2026), which is also
the focus of this paper. These methods are ap-
pealing because they require no model retraining
and directly address a key cause of hallucination:
language priors often dominate the generation pro-
cess in LVLMs, making visual signals difficult to
fully preserve. As a result, visual injection has
emerged as a simple yet effective solution. How-
ever, these methods generally assume that visual
features maintain relatively stable semantic roles
across layers and therefore enhance visual infor-
mation uniformly, without distinguishing which
evidence is actually suppressed in deeper layers.

In contrast, CFVI explicitly identifies visual to-
kens whose correlations flip between intermedi-
ate and final layers and injects only the key visual
evidence suppressed by deep layers into the final
hidden state. This avoids noise from indiscrimi-
nate enhancement and improves the use of visual
information by the model.

3 Our Observations

3.1 Correlation-Flip Tokens

To analyze how visual grounding evolves during
cross-layer propagation, we first note that the de-
coding hidden state h{ encodes the model’s current
contextual belief over the next-token prediction,

while the visual token representation Vf reflects
localized visual evidence. A natural way to mea-
sure whether a visual token is supportive of the
current generation decision is to evaluate their di-
rectional alignment in the shared representation
space. Therefore, we define the correlation be-
tween a visual token and the decoding context as

Cfy = cos(vi,hy), (1)

where Cﬁt measures the semantic alignment be-
tween the ¢-th visual token and the current genera-
tion state in layer /.

We choose an anchor layer ¢, that retains rela-
tively strong visual grounding information (Favero
et al., 2024). In practice, the anchor layer can be
selected from middle-to-late layers, which have
integrated prompt context but have not fully col-
lapsed into final decisions dominated by language
priors. For each visual token at decoding step ¢, we
compute its alignment with the current decoding
context in both the anchor layer and the final layer:

Ciy = cos(vfa, hf“), Cft = cos(viL, htL) 2)

A positive C7'; indicates that the token may provide
useful visual support for the next-token prediction
at the anchor layer. In contrast, a negative Cft indi-
cates that the token becomes semantically opposed
to the final decision state. Such a token is defined
as a correlation-flip token.

3.2 Flip Intensity Is Correlated with
Hallucination Severity

We observe many correlation-flip tokens during
LVLM generation. Figure 1 visualizes their spatial
distribution across decoding steps. Two patterns
emerge. First, correlation-flip tokens are abundant
and they concentrate around key regions in the im-
age. Second, the number of flip tokens gradually
decreases as generation continues, suggesting that
successful use of these tokens in earlier decoding
steps alleviates visual grounding drift. This phe-
nomenon indicates that suppressed visual evidence
is closely associated with LVLM hallucination.

To further verify this observation, we study the
relation between flip intensity and hallucination
severity. For token ¢, we define its flip strength as

sig = Cly — Cly. (3)

7, %

For decoding step ¢, the overall flip intensity is

St ! Z Sit “4)
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Flip intensity CHAIR (CHAIR;) POPE (F;)
low 5.5 91.52
mid 6.6 90.45
high 7.0 87.05

Table 1: Relationship between Correlation-Flip Inten-
sity and Hallucination Severity. Mean hallucination
severity increases monotonically with flip intensity.

where ) denotes the set of visual tokens. We use
CHAIR; from the CHAIR data as the hallucina-
tion severity metric. We use CHAIR; as the eval-
uation metric for hallucination severity, derived
from the CHAIR dataset. For each image and its
corresponding model-generated caption, we com-
pute the flip intensity and partition all captions into
three groups—Ilow, medium, and high flip inten-
sity—based on the interquartile range (IQR), using
Q1 and Qg as thresholds. As shown in Table 1,
the mean hallucination severity increases monoton-
ically in each group. Samples with stronger flip
intensity exhibit more severe hallucination, which
provides additional evidence for the positive rela-
tion between the two factors. We applied the same
bucketing approach to the POPE dataset (random
split) and recorded the evaluation metrics for hal-
lucination severity (F; score) within each group in
the table. It was observed that samples with higher
flip intensity exhibit more severe hallucination and
lower F; scores.

This result shows that cross-layer correlation flip
is not random, but directly related to hallucination
generation. It further motivates the central idea of
CFVI: if the model restores suppressed visual evi-
dence, it may recover more stable visual grounding
and reduce hallucination.

4 The Proposed Method

We propose Correlation-Flip Visual Injection
(CFVI), an inference-time method for mitigating
hallucinations in LVLMs. Figure 2 presents the
overall framework.

4.1 Correlation-Flip Token Selection

CFVI first identifies visual tokens that change from
supporting the current generation context to sup-
pressing it during cross-layer propagation. Based
on the observation above, we define the set of
correlation-flip tokens as

Fi = {Z ey ‘ Cz('l,t > Tpos, Cft < _Tneg}v (5)

where 7,05 and 7y,¢¢ control the positive correlation
strength at the anchor layer and the negative cor-
relation strength at the final layer, respectively. A
token is selected only when it satisfies both con-
ditions. The first condition ensures that the token
is not arbitrary noise but is indeed relevant to the
current generation context at an earlier stage. The
second condition ensures that this originally useful
visual evidence becomes inconsistent with the fi-
nal generation state. The set F; therefore captures
visual tokens that are likely suppressed by deep
language priors.

This selection mechanism differs from conven-
tional token-importance estimation. CFVI does
not select tokens merely according to high sim-
ilarity, high attention weight, or large activation
magnitude. Instead, it selects tokens according to a
cross-layer contradiction. The selected tokens are
especially valuable for hallucination mitigation be-
cause they reveal where the final decision deviates
from earlier visual grounding.

4.2 Flip-Aware Visual Enhancement

After obtaining F;, CFVI constructs a compact
visual correction vector from these tokens. We
assign each flip token a weight according to both
its anchor-layer support strength and its final-layer
suppression strength. For each ¢ € F;, we define
an unnormalized flip score as

@iy = ReLU(CY,) - ReLU(=C},).  (6)

This score has an intuitive interpretation: a token
receives a high score only when it is both originally
relevant and finally suppressed. We use multiplica-
tion rather than subtraction or a ratio because the
desired flip strength should reflect the simultaneous
satisfaction of both conditions, rather than assign-
ing a high score when only one side is strong. Mul-
tiplication also emphasizes tokens that are strong
on both sides. We normalize these scores with a
softmax:

iy = eXP(qu/Tw)

I ) (7)
> jer exp(gj/Tw) + €

where T, is the weighting temperature and € is a
small constant for numerical stability. CFVI then
directly injects the weighted anchor-layer visual
evidence into the final-layer generation state:

hf =h{ + XY v, (8)
i€ Ft
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Figure 2: Overview of CFVI. The framework selectively identifies correlation-flip tokens and injects the correspond-
ing visual correction vector into the final-layer hidden state.

where A controls the correction strength. This ad-
ditive formulation follows the residual correction
paradigm widely adopted in inference-time meth-
ods, where hidden states are lightly adjusted to
correct biased representations while minimally per-
turbing the original generation dynamics. Com-
pared with existing visual injection methods, the
key distinction of CFVI lies in the introduction of
the cross-layer adaptive weight «; ;, which dynam-
ically modulates each token’s contribution accord-
ing to its flip magnitude.

The model then predicts the next token with the
edited hidden state:

P(y; | I, X,y<) = softmax(W,hl). (9)

If no token satisfies the flip condition, CFVI leaves
the hidden state unchanged and falls back to stan-
dard decoding.

In terms of efficiency, CFVI introduces negligi-
ble computational overhead. The additional cost
is dominated by computing cosine similarities and
applying a softmax over the selected correlation-
flip tokens. Importantly, CFVI does not require
backpropagation, additional forward passes, or
model parameter updates, making it a lightweight
inference-time plug-in compatible with LVLMs.

5 Experiments

5.1 Evaluation Setup

LVLMs. To verify the effectiveness of CFVI
across model backbones, we evaluate it on represen-
tative LVLMs, including LLaVA-1.5-7B, LLaVA-

1.5-13B (Liu et al., 2023), MiniGPT-4 (Zhu et al.,
2024), and Qwen-VL (Bai et al., 2023). All models
use their official configurations. CFVI is training-
free and intervenes only at the last layer.

Benchmarks. For general evaluation, MME (Fu
et al., 2023) evaluates perception and cognition
over 14 subtasks. MM-Vet (Yu et al., 2023)
evaluates multidimensional abilities in visual in-
struction following. For hallucination evaluation,
POPE (Li et al., 2023b) formulates hallucination
assessment as binary visual question answering.
CHAIR (Rohrbach et al., 2018) focuses on the
image captioning task. Its core metrics include
CHAIR;, which measures hallucinated objects
among all mentioned objects, and CHAIR;, which
measures whether a generated caption contains hal-
lucinated objects:

|hallucinated objects|

CHAIR; = 10

‘ |all mentioned objects|’ (19)

CHAIR, — |hallucinated'captions| (1)
|all captions|

Baselines. Contrastive decoding methods in-

clude ICD (Wang et al., 2024), which amplifies
hallucination-related features with disturbing in-
structions and subtracts them from the original dis-
tribution, and VCD (Leng et al., 2024), which con-
trasts original and perturbed visual inputs to reduce
dependence on language priors. Visual represen-
tation enhancement methods include DeCo (Wang
et al., 2025), which incorporates shallow-layer vi-
sual knowledge into the final layer to correct out-
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Method Existence  Count  Position  Color Total

LLaVA-1.5 181.67 11833 10444 152778 557.22
VCD (Leng et al., 2024) 172.14 117.14  103.33  119.52 512.14
Nullu (Yang et al., 2025) 190.00 121.11  105.56  156.67 573.34
DeCo (Wang et al., 2025) 175.00 128.33 98.33 125.00  526.66

HulluEdit (Lin et al., 2026)
CFVI (Ours)

195.00
190.00

105.00
155.00

126.67
128.00

160.00
170.00

586.67
643.00

Table 2: MME benchmark results on LLaVA-1.5. CFVI
achieves the highest total score, with clear improve-
ments on perception tasks while maintaining stable per-
formance on cognition-related abilities.

puts; VGA (Zhao et al., 2026), which uses visual
confidence to guide attention toward relevant re-
gions; and HulluEdit (Lin et al., 2026), which edits
hallucination priors through orthogonal subspace
decomposition without disrupting visual represen-
tations. All baselines use the hyperparameters rec-
ommended by their authors and are evaluated with
the same prompts and decoding configurations.

Implementation Details. For CFVI, we set the
injection weight A to 1.5, and set 7j,¢ and Tyeg t0
0.0. For 7B models, we select layer 22 as the an-
chor layer and apply hidden-state editing to the last
Transformer layer. All experiments are conducted
on a single NVIDIA RTX 4090 GPU.

5.2 Benchmark Results

MME Results. MME results show that CFVI not
only mitigates object hallucination but also im-
proves general multimodal ability. As shown in
Table 2, the gains on perception tasks, such as
color, count, and position, are especially signifi-
cant. These results confirm that CFVI is a precise
and training-free hallucination mitigation method:
it performs targeted correction only when visual
evidence is missing or flipped, without harming
language reasoning ability.

MM-Vet Results. As shown in Figure 3, CFVI
achieves the highest overall score of 28.6. While
mitigating hallucinations, CFVI also brings fur-
ther improvements in more complex visual ques-
tion answering scenarios. Unlike methods based
on decoding adjustment or coarse-grained visual
enhancement, CFVI selectively compensates for
visual tokens that undergo cross-layer correlation
flip, thereby restoring visual evidence suppressed
by language priors more precisely.

CHAIR Results. As shown in Table 3, CFVI
achieves the best overall performance across the
LLaVA-1.5, MiniGPT-4, and Qwen-VL LVLMs
compared with other advanced hallucination miti-
gation methods. CFVI further reduces object hal-

30- MM-Vet
28.6
279
] 2 Vanill
— anilla
S o5 =7 4 HulluEdit
O 23.6 Z DeCo
= ///? 2 CFVI(Ours)
20 T ; T 4
» N\ o S
AR
N\a W N
& &

Figure 3: MM-Vet benchmark results on LLaVA-1.5.
CFVI achieves the highest overall score of 28.6, outper-
forming Vanilla, HulluEdit, and DeCo.

Backbone Method CHAIR; | CHAIR; |
base 52 9.8
ICD (Wang et al., 2024) 5.1 10.0
VAF (Yin et al., 2025) 5.1 9.8
LLaVA-1.5 DeCo (Wang et al., 2025) 4.5 8.2
VGA (Zhao et al., 2026) 4.8 9.4
HulluEdit (Lin et al., 2026) 4.8 9.4
CFVI (Ours) 2.8 5.8
base 7.8 14.4
MiniGPT-4  HulluEdit 7.9 134
CFVI (Ours) 5.8 11.6
base 6.6 15.0
Qwen-VL HulluEdit 4.1 9.6
CFVI (Ours) 4.0 9.0

Table 3: CHAIR benchmark results across several
LVLM backbones. CFVI consistently achieves the best
performance in reducing object hallucinations, demon-
strating strong generalizability across different model
architectures.

lucination on key metrics, indicating strong gen-
eralizability and stability across different model
architectures. This improvement is consistent with
the ability of CFVI to model hallucination-related
correlation-flip signals more precisely. CFVI ex-
plicitly identifies visual tokens whose correlations
flip between the anchor layer and the final layer.
By accurately restoring this missing visual informa-
tion at the final generation stage, the model relies
more on real visual content when generating image
captions. The stability of this method across differ-
ent backbones indicates that cross-layer correlation
flipping is a general phenomenon rather than an
artifact of specific model design.

POPE Results. As shown in Table 4, CFVI
achieves the best overall performance on two dif-
ferent backbone sizes of LLaVA-1.5, showing good
model scalability. These results validate the effec-
tiveness of identifying and correcting correlation-
flip visual tokens through cross-layer comparison.

Efficiency Analysis. In the efficiency evaluation,
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LLaVA-1.5-7B
Accuracy T F1 1

LLaVA-1.5-13B
Accuracy T F1 1

Method

Greedy 82.63 83.37 82.70 83.67
VCD (Leng et al., 2024) 83.20 83.80 83.60 84.20
ICD (Wang et al., 2024) 82.90 83.47 83.37 84.00
VAF (Yin et al., 2025) 84.73 85.07 85.33 86.00
DeCo (Wang et al., 2025) 84.00 85.57 71.73 81.50
HulluEdit (Lin et al., 2026) 86.41 87.00 86.29 87.11
VGA (Zhao et al., 2026) 83.27 84.67 83.25 84.95
CFVI (Ours) 86.67 87.21 86.53 87.36

Table 4: POPE benchmark results on LLaVA-1.5-7B
and LLaVA-1.5-13B. CFVI achieves strong results
across both backbones.

Throughput Comparison

)
£ 40
8 35.01
w 7
2 30 4 CFVI(Ours)
o 23.61 Dola
- 22.31 / M HulluEdit
n 20+ 17.58 VCD
S OPERA
~ M HALC
0 104
£ 4.36
" 2.15
& o ‘_— T T T T

C > Q Ng kg AY

g - C & oV <?
S A MR Sl N

» <
D &

Figure 4: Generation throughput comparison measured
under the same LLaVA-1.5-7B setting for all methods.
CFVI achieves the highest throughput at 35.01 tokens
per second, showing superior efficiency with minimal
inference overhead.

CFVI achieves the highest generation throughput,
reaching 35.01 tokens per second. This is substan-
tially higher than DoLa at 23.61 tokens per second,
HulluEdit at 22.31 tokens per second, and VCD at
17.58 tokens per second, and also much higher than
OPERA and HALC. As shown in Figure 4, CFVI
improves visual faithfulness without introducing
additional inference overhead. This efficiency ad-
vantage stems from its lightweight design: reusing
hidden states from the standard forward pass to
compute cross-layer correlations without requiring
additional encoders or resampling, and perform-
ing simple weighted injection on correlation-flip
tokens. This makes CFVI a low-cost, easily deploy-
able solution for hallucination mitigation.

5.3 Ablation Study

We conduct systematic ablation experiments on the
CHAIR dataset and POPE dataset. All experiments
are conducted with LLaVA-1.5-7B.

Core Parameter Analysis. The choice of an-
chor layer is crucial for identifying correlation-flip
tokens. An ideal anchor layer should preserve
strong visual grounding information while already
integrating the prompt context. We conduct ex-

(a) POPE Accuracy (b) CHAIRs

-
3 86.67 S
X 87 * 86.47 86.45 wl LLaVAL5:5.8
< R [CLaVA-1.5: 9.8
Z869°42 8640 3630 9

© g5 .

3 84 ;

< 83

1T U 6

o 82 .

8 20 22 24 26 28 30 20 22 24 26 28 30

Anchor Layer Anchor Layer

Figure 5: Ablation study of the anchor layer. We select
layer 22 as the default anchor layer.

« (a) POPE Accuracy (b) CHAIRs

X 87 86.46 86.50 36:7 86.50 10 drmmmm e [AAVALS: 9.8)
< —

3 86 2 9

© 85 8

D 84

] 7

< 83

W === 6

o 82

o) T T T T T 54— T T T T
a 0.7 1.0 1.2 1.5 2.0 0.7 1.0 1.2 1.5 2.0

Lambda Inject Lambda Inject

Figure 6: Ablation study of the injection weight \. We
select A = 1.5 as the default injection weight.

periments over layers 20 to 30, and the results are
shown in Figure 5. We find that layer 22 achieves
the best results on both datasets, indicating that
overly shallow layers may not sufficiently integrate
semantic information, whereas overly deep layers
may already be overly affected by language priors.
Based on this observation, we choose layer 22 as
the default anchor layer.

The injection weight A controls the strength of
the visual correction vector. We test A from 0.7
to 2.0, and the results are shown in Figure 6. The
results show that A = 1.5 achieves a low CHAIR
score of 5.8 and the highest accuracy. A correction
that is too strong may introduce noise, while a
correction that is too weak may not sufficiently
mitigate hallucination. To prioritize hallucination
mitigation, we choose A = 1.5 as default.

Overall, our method is not sensitive to hyperpa-
rameters. Different hyperparameter choices have
only a limited impact on the results, further validat-
ing the stability of CFVI.

Core Component Analysis. We further con-
duct component ablations, as shown in Table 5.
The results lead to two main observations. First,
replacing correlation-flip tokens with an equal num-
ber of random tokens, high-attention tokens, high-
activation tokens, or high-similarity tokens consis-
tently degrades performance. This indicates that
conventional single-layer saliency signals, includ-
ing attention, activation magnitude, and similarity,
are insufficient for locating hallucination-related
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;.u Question: Please describe this image in detail.

the lively atmosphere of the scene.

LLaVA Captions: The image features two deer walking down a road in a wooded area. They are walking side by side, with one
deer slightly ahead of the other. The deer are positioned near the center of the road, and the surrounding environment is
filled with trees. In addition to the deer, there are several birds scattered throughout the scene, with some flying in the air and

others perched on branches or other objects. The birds are located at various heights and distances from the deer, adding to

||

| (_beauty of wildlife in their natural habitat.

CFVI Captions: The image features two deer walking down a road in a wooded area. They are walking side by side, with one
deer slightly ahead of the other. The deer appear to be calmly strolling along the road, possibly exploring their surroundings. In

the background, there are several trees lining the road, creating a serene and natural atmosphere. The scene captures the

LLaVA Captions: The image features a street sign in a foreign language, likely Chinese, indicating the names of the
streets. The sign is placed on a pole, and there are two other signs on the same pole, one above the other. The street
signs are positioned on a street corner, providing guidance to pedestrians and drivers.

p

CFVI Captions: The image features a street sign in a foreign language, likely Chinese, indicating the names of the streets.
The sign is placed on a pole, and it is located near a building. The street sign is accompanied by a smaller sign, which is
| also in a foreign language. There are two traffic lights in the background.

Figure 7: Qualitative comparison of object hallucination mitigation. Example images are paired with captions

generated by the baseline model and CFVI.

Method CHAIR; | CHAIR; | POPE Acc?t
Full model 5.8 2.8 86.67
High-attention tokens 7.0 32 86.09
High-activation tokens 6.2 3.1 86.20
High-similarity tokens 6.6 32 86.21
Random tokens 6.7 32 86.17
All visual tokens 6.4 32 86.26
Without weighting 6.0 2.9 86.51

Table 5: Component ablation results of CFVI. Re-
placing correlation-flip tokens with conventional token-
selection strategies consistently degrades performance,
validating the effectiveness of cross-layer correlation-
flip modeling and adaptive weighting.

visual evidence. In contrast, cross-layer correla-
tion flips more accurately identify visual tokens
that are suppressed by deep language priors. In-
jecting all visual tokens also causes clear perfor-
mance degradation, suggesting that non-selective
enhancement introduces noise and dilutes useful
visual signals. Second, weighted aggregation pro-
vides consistent gains. Removing the weighting
mechanism degrades performance, which shows
that weighting selected flip tokens according to cor-
relation strength helps construct a more accurate
correction direction and further reduces hallucina-
tions while preserving visual recall.

Overall, the full model achieves the best per-
formance, demonstrating that CFVI provides a
better balance between hallucination suppression
and visual-information preservation. The random-
control experiment further supports that the gains
are tied to meaningful flip-token discovery rather
than random perturbation.

6 Case Study

We present qualitative examples to demonstrate the
effectiveness of CFVI. As shown in Figure 7, the
baseline model, such as LLaVA-1.5, incorrectly
indicates that birds are present in the first image.
In the second image, it incorrectly describes both
the number and location of street signs, including
a location that is not a street corner. In contrast,
CFVI suppresses object hallucination more pre-
cisely while preserving the ability of the model to
answer general questions about scene description,
counting, and spatial recognition. These qualitative
examples further demonstrate the effectiveness of
our method in mitigating object hallucination.

7 Conclusion

This work proposes CFVI, a training-free method
for reducing hallucinations in large vision-language
models. CFVI identifies visual tokens that change
from supportive evidence in an anchor layer to sup-
pressed evidence in the final layer. It then uses
these correlation-flip tokens to construct a compact
visual correction vector and enhance the final hid-
den state. This targeted correction allows CFVI to
suppress hallucinations without weakening visual
grounding. Experiments on multiple benchmarks
and model backbones show that CFVI achieves
strong performance while maintaining high infer-
ence efficiency. These results suggest that correla-
tion flip is a useful internal signal for understanding
and mitigating hallucinations in LVLMs.
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Limitations

CFVI has several limitations. First, it relies on
detectable correlation-flip signals. If hallucina-
tion originates from early visual encoding fail-
ure or complex reasoning failures, the model may
not exhibit a clear intermediate-positive and final-
negative pattern, which limits the effect of CFVL.
In addition, CFVI requires choices of hyperparam-
eters such as anchor layer and injection strength.
The optimal settings may vary across models and
tasks.

Future work will explore adaptive flip detection
and dynamic injection strategies, and will com-
bine CFVI with training-time alignment or external
verification to improve robustness in adversarial
scenarios and complex reasoning tasks.
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A Hyperparameter Specifications

This appendix reports the full hyperparameter con-
figuration for CFVI on LLaVA-1.5-7B, as shown
in Table 6. All parameter values are determined
through systematic empirical validation to optimize
the trade-off between hallucination reduction and
generation quality. The anchor layer is set to layer
22, which retains strong visual grounding informa-
tion while not fully collapsing into language-prior-
dominated decisions. This provides a reliable refer-
ence for identifying correlation-flip tokens. Both
positive and negative thresholds are set to zero to
maximize recall of flip tokens, while the weighting
mechanism continuously adjusts their contributions
and avoids information loss from hard threshold-
ing. The injection weight A = 1.5 achieves the
lowest CHAIR in ablations, validating its balance
between correcting hallucination and maintaining
generation quality. The weighting temperature is
set to 1 so that token weights reflect the degree of
suppression. The generation temperature is set to
0.05 to encourage deterministic generation and en-
sure fair evaluation. All generation settings follow
the established evaluation protocols.

Parameter Value
Anchor layer 22
Positive threshold 705 0.0
Negative threshold Tyeg 0.0
Injection weight A L5
Softmax temperature 7, 1.0
Stability € 1.0 x 107¢
Top p 1.0
Generation temperature 0.05
Max new tokens 32

Table 6: Hyperparameter configuration for CFVI on
LLaVA-1.5-7B.

B Hyperparameter Sensitivity Analysis

We analyze the sensitivity of key hyperparameters.
CFVlincludes architecture-related parameters such
as the anchor layer /,, the injection weight A, the
softmax temperature for weighted aggregation 7y,,
and the positive and negative thresholds 7,05 and
Tneg- The anchor layer is selected from middle
and deep layers according to model architecture to
ensure stable visual-semantic alignment. The injec-
tion weight controls the degree of visual compen-
sation and must balance precise correction against
the risk of adding noise. As shown in Table 7, the
remaining hyperparameters exhibit low sensitivity
within practical ranges.

Parameter range CHAIR; | Recall 1

Tpos (0-0.2) 58+04 48.62+0.6
Tneg (0-0.2) 6.2+0.2 48.06 £0.8
Tw (0.8-1.2) 56+0.2 48.18+0.5

Table 7: Hyperparameter sensitivity analysis on LLaVA-
1.5-7B.

C Correlation-Flip Tokens and
Hallucination

To further verify the relationship between
correlation-flip tokens and hallucination, we com-
pare CFVI with two simplified variants that use
only one-sided correlation signals. The all-neg
variant selects visual tokens that are negatively cor-
related in the final layer, while the all-pos variant
selects visual tokens that are positively correlated
in the anchor layer. As shown in Table 8, both
simplified variants underperform the full model,
especially on CHAIR;. These results indicate that
correlation-flip tokens are more closely associated
with hallucination than tokens selected by a sin-
gle correlation sign. They also validate the effec-
tiveness of the flip-token selection module, which
identifies visual evidence that is perceived in inter-
mediate layers but suppressed before prediction.

Method CHAIR; | CHAIR; |
Full model 5.8 2.8
All negative tokens 6.4 32
All positive tokens 5.8 29

Table 8: Ablation study on the relationship between
correlation-flip tokens and hallucination. The full flip-
token selection module outperforms variants that use
only one-sided correlation signals.

D Analysis of Flip Score Formulation

In CFVI, the flip score is defined as

iy = ReLU(CY,) - ReLU(=C}y), (12

which measures whether a visual token is simul-
taneously positively correlated in the anchor layer
and negatively correlated in the final layer. We
further compare different formulations of the flip
score, including subtraction and ratio forms, as
shown in Table 9.

The multiplicative formulation achieves the best
performance for several reasons. First, it is natu-
rally consistent with the AND structure of the flip
condition: a token receives a high score only when
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&? Question: Please describe this image in detail.

LLaVA Captions: The image features a train traveling down the tracks, with a large brick building in the background. The train
is positioned towards the right side of the image, while the brick building is located towards the left. The scene also includes a
bridge, which spans across the image from the left to the right side. There are several cars visible in the scene, with one car
located near the left edge of the image, another car in the middle, and a third car on the right side. Additionally, there are two

people in the scene, one person standing near the middle of the image and another person closer to the right.

-

in use.
\

CFVI Captions: The image features a train traveling down the tracks, with a large brick building in the background. The train is positioned towards the right
side of the image, and the building is located on the left side. There are several cars parked in the vicinity of the train and the building. Some cars are parked

closer to the train, while others are parked further away. The scene captures the essence of a busy urban environment with various modes of transportation

the village and its natural surroundings.

LLaVA Captions: The image features a large, lush green field with a small village nestled in the middle. The village is
surrounded by a beautiful landscape, including a large mountain in the background. The field is dotted with numerous
trees, providing a serene and picturesque setting. In the foreground, there is a car parked, possibly belonging to one of

the residents of the village. The overall atmosphere of the scene is peaceful and idyllic, showcasing the harmony between

P

trees, adding to the picturesque scenery.
{

CFVI Captions: The image features a large, lush green field with a small village nestled in the middle. The village is

surrounded by a beautiful landscape, including a large mountain in the background. The field is dotted with numerous

Figure 8: Additional qualitative comparisons of object hallucination mitigation.

Flip score formulation CHAIR; | CHAIR; |

Multiplication 5.8 2.8
Subtraction 6.2 3.0
Ratio 6.3 3.1

Table 9: Ablation study on different flip score formula-
tions.

both positive anchor-layer correlation and negative
final-layer correlation are simultaneously strong.
This avoids assigning high scores to pseudo-flip
tokens that are only weakly correlated, only de-
creasing across layers, or only negative in the final
layer. Second, the multiplicative form automati-
cally prioritizes visual tokens with strong evidence
on both sides of the flip, which better matches the
intended semantics of “flip intensity”. Third, the
output is always non-negative, making it naturally
compatible with the subsequent softmax weighting
process. In contrast, subtraction or ratio formu-
lations are less stable and may amplify noisy or
numerically unstable correlations, leading to infe-
rior hallucination mitigation performance.

E Fallback Behavior and Failure-Mode
Analysis

CFVI relies on detecting correlation-flip tokens
at each decoding step. To analyze its behavior
when this condition is not satisfied, we measure
how frequently the flip-token set F; is empty on
500 images from the CHAIR benchmark. When
F; = 0, CFVI skips visual injection and retains the

original final-layer hidden state.

Among the 500 images, 485 (97.0%) maintain a
non-empty JF; at every decoding step and therefore
never trigger fallback. The remaining 15 images
(3.0%) contain at least one step with 7; = (; within
these affected generation sequences, fallback oc-
curs in only approximately 5% of decoding steps
on average. Moreover, no image lacks correlation-
flip tokens throughout its entire generation. These
results show that missing detectable flip signals are
infrequent and have limited impact on the overall
behavior of CFVI.

F Qualitative Case Studies

Figure 8 provides additional qualitative examples
showing that CFVI restores missing visual informa-
tion at the final generation stage without damaging
valid visual evidence, thereby mitigating object hal-
lucinations.
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