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Abstract

Multimodal large language models (MLLMs)
have achieved remarkable progress in multi-
modal reasoning, yet they still suffer from hallu-
cinations that undermine their reliability. Exist-
ing inference-time mitigation methods mainly
focus on optimizing decoding strategies or an-
alyzing internal attention mechanisms, while
the role of visual representations remains un-
derexplored. In this work, we reveal that vi-
sual representations exhibit information disper-
sion during layer-wise evolution, manifested
as a progressive deviation from the initial vi-
sual subspace and increasing alignment with
the textual subspace. Based on this insight, we
propose Visual Representation Regularization
(VRR), a training-free method that mitigates
hallucinations by regularizing visual represen-
tations toward their initial states. Extensive ex-
periments demonstrate that VRR consistently
reduces hallucinations and is compatible with
existing mitigation methods. Our code is avail-
able at https://github.com/Jiarker/VRR.

1 Introduction

Multimodal large language models (MLLMs) have
shown strong capabilities in multimodal under-
standing and reasoning (Qin et al., 2025). How-
ever, they still suffer from hallucinations, where
generated content is inconsistent with the visual
input (Bai et al., 2025; Liu et al., 2024a). Such hal-
lucinations substantially undermine the reliability
and trustworthiness of MLLMs, thereby limiting
their deployment in real-world applications.
Recent studies have explored inference-time
hallucination mitigation from different perspec-
tives (Huang et al., 2025). One line of work
improves decoding strategies by contrasting out-
put distributions under different visual conditions,
thereby suppressing responses dominated by lan-
guage priors (Zhu et al., 2025; Yang et al., 2025a;
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Chen et al., 2024). Another line investigates hal-
lucinations from the perspective of model inter-
pretability and internal mechanisms, such as iden-
tifying visually grounded attention heads or ana-
lyzing attention patterns associated with halluci-
nations (Huang et al., 2024; Zhong et al., 2026).
Although these methods provide valuable insights,
the role of visual representations in hallucination
formation remains underexplored.

Since textual responses are generated from hid-
den states that interact with visual tokens through
LLM layers, grounded generation requires visual
evidence to remain accessible and distinguishable
throughout this layer-wise transformation. How-
ever, as visual tokens are processed by the LLM,
visual evidence may become diluted across the rep-
resentation space, making visual cues less accessi-
ble (Wang et al., 2026; Jiang et al., 2025; Neo et al.,
2025). To this end, we analyze the layer-wise evo-
lution of visual representations in MLLMs and re-
veal an information dispersion phenomenon: visual
representations gradually spread from a compact
low-dimensional structure to a more dispersed high-
dimensional space. Moreover, from a geometric
perspective, we find that visual representations pro-
gressively deviate from the initial visual subspace
and become increasingly aligned with the textual
subspace. This suggests that visual evidence may
be diluted during evolution, which potentially in-
creases the risk of hallucination.

Motivated by these observations, we propose Vi-
sual Representation Regularization (VRR), a sim-
ple yet effective training-free method to mitigate
hallucinations. Specifically, VRR regularizes vi-
sual representations toward their initial states to
maintain compact representations and recover the
original visual information. However, direct align-
ment may damage the linguistic information con-
tained in the visual representations, while also dis-
rupting their inherent visual information structure.
Therefore, VRR performs regularization within the
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initial visual subspace, where the dominant visual
structure of the initial representation is preserved.
In this way, VRR restores concentrated visual evi-
dence with minimal modification to the evolved rep-
resentations, thereby strengthening visual ground-
ing for mitigating hallucinations without additional
training or parameter updates.

Our main contributions are as follows: (1) We
reveal the information dispersion of visual repre-
sentations during layer-wise evolution and analyze
it from a geometric perspective, providing new in-
sights into the internal mechanism of hallucina-
tion. (2) We propose VRR, a training-free method
that mitigates hallucinations by regularizing visual
representations toward their initial states. (3) Ex-
tensive experiments on multiple benchmarks and
MLLMs demonstrate the effectiveness, robustness,
and compatibility of VRR with existing inference-
time hallucination mitigation methods.

2 Related Work

2.1 Cross-Modal Transformation of Visual
Representations

In recent years, analyzing foundation models
through internal representation (Dang et al., 2024;
Lin et al., 2025) has become an important direc-
tion in interpretability research. Visual information
does not remain static after entering the model; in-
stead, it is continuously reorganized through multi-
layer Transformer propagation and interacts with
language representation.

Existing studies investigate the layer-wise
evolution of internal visual representations in
MLLMs. (Neo et al., 2025) observes that visual
representations become increasingly interpretable
within the vocabulary space, manifested as the
alignment between image content and its corre-
sponding textual representations. (Wang et al.,
2026) argues that visual representations are not op-
timized for preserving visual fidelity during layer-
wise evolution, but instead undergo implicit and
progressive transformations with the sole objective
of better serving the final text generation task.

2.2 Mitigating Hallucinations During
Inference

Hallucination in MLLMs refers to a mismatch be-
tween the generated text and the actual content in
the corresponding image (Leng et al., 2024; Zhuang
et al., 2024; Phukan et al., 2025; Lyu et al., 2026;
Chen et al., 2024). When hallucinations occur, the

model may omit objects present in the image, de-
scribe objects that do not exist in the image, or
incorrectly interpret the image content (Bai et al.,
2025). Many studies focus on mitigating hallucina-
tions during inference.

Hallucinations can be mitigated during decod-
ing. VCD (Leng et al., 2024) analyzes the effects
of statistical bias and over-reliance on unimodal
priors, and mitigates hallucinations by contrasting
the output distributions of clean and corrupted vi-
sual inputs. DoLa (Chuang et al., 2024) observes
that factual knowledge in LL.Ms is localized in spe-
cific layers, and leverages inter-layer contrastive
decoding to better exploit factual information.

Another line of research focuses on enhancing vi-
sual information. The mainstream approach aims to
modify the attention mechanism to guide the model
toward visual information. VHR (He et al., 2025)
mitigates hallucinations by strengthening the ef-
fects of vision-aware attention heads. EAH (Zhang
et al., 2024) investigates hallucinations from the
perspective of attention sinks.

Recent works have explored hallucination
mitigation from the representation perspective.
Nullu (Yang et al., 2025b) constructs guidance
vectors from external data sources to manipulate
model representations for hallucination reduction.
DAMO (Wang et al., 2025) aligns representations
before the decoding stage to maintain decoding
consistency across layers.

Compared to these methods, VRR directly reg-
ularizes visual representations toward their initial
states at each layer, without relying on external
data sources. VRR restores rich visual informa-
tion, thereby mitigating hallucinations. Moreover,
VRR does not require multiple forward passes and
is compatible with various decoding strategies and
hallucination mitigation methods.

3 Inter-layer Evolution of Visual
Representations

In this section, we first introduce the formulation
of MLLMSs, and then analyze how visual repre-
sentations evolve across LLM layers. We reveal
an information dispersion phenomenon, where vi-
sual representations gradually spread from a com-
pact low-dimensional structure to a more dispersed
space. We further provide a geometric explana-
tion by showing that visual representations progres-
sively deviate from the initial visual subspace and
align with the layer-wise textual subspace.
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Figure 1: Layer-wise effective dimensionality 7' of visual representations. VRR reduces representation dispersion,
thereby preserving compact visual representations and mitigating the risk of hallucination.

3.1 Preliminaries

The Architecture of MLLMs. MLLMs typi-
cally integrate a pretrained vision encoder with
a large language model. Given an input image
I € REXWXC the vision encoder extracts a se-
quence of N, patch features. A projector then
maps these features into the language embedding
space, producing the projected vision tokens H) =
{ho 1, hB,NU}, where B ; € R? and HY de-
notes the initial visual representation.

Given a text prompt, the MLLM generates re-
sponse tokens autoregressively. At each layer [,
we divide the hidden states into visual represen-
tations H! and textual representations H}. The
textual representation includes both prompt tokens
and generated response tokens:

Hé:{hff,lw"ahi,Nt}v Nt:Np+Nga (D

where NV, and IV, denote the numbers of prompt
tokens and generated tokens, respectively.

3.2 Information Dispersion

Hallucinations in MLLMs are closely related to
insufficient visual grounding during response gen-
eration (He et al., 2025; Li et al., 2025; Zhuang
et al., 2024). Since textual responses are generated
from hidden states that interact with visual tokens
through the LLM layers, grounded generation re-
quires visual evidence to remain accessible and
distinguishable throughout this layer-wise transfor-
mation. However, as visual tokens are repeatedly
transformed by the LLM, visual evidence may be-
come diluted across the representation space, mak-
ing visual cues less accessible and increasing re-
liance on language priors (Wang et al., 2026; Jiang
et al., 2025; Neo et al., 2025).

To characterize this dilution, we analyze how
visual information is distributed in the representa-
tion space across layers. Specifically, we perform
Singular Value Decomposition (SVD) on the visual
representation H! at each layer [ and compute the
number of principal components 7 required to pre-
serve 95% of its spectral energy. Thus, 7! can be
the effective dimensionality of H!. A smaller
indicates that dominant visual information is con-
centrated in a compact low-dimensional subspace,
making visual evidence easier to preserve and ac-
cess. In contrast, a larger ! suggests that visual
information is distributed across more dimensions,
indicating stronger information dispersion.

We conduct this analysis on LLaVA-1.5-7B (Liu
et al.,, 2023) and LLaVA-NeXT-7B (Liu et al.,
2024c) using the COCO dataset (Lin et al., 2014).
Given each image, we prompt the model with
“Please describe the image in detail” and extract
the layer-wise visual representations during gener-
ation. For each sample and each layer, we compute
7! and report its average over all samples.

As shown in Figure 1, the visual representations
show a clear increase in ! as the layer increases,
showing that visual representations gradually shift
from a compact low-dimensional structure to a
more dispersed high-dimensional space. This sug-
gests that visual evidence becomes increasingly
scattered across the representation space during
layer-wise transformation. Such dispersion may
weaken visual grounding by making visual cues
less accessible to the generation process, which
potentially increases the risk of hallucination.

3.3 Geometric Explanation

To further understand why visual information be-
comes increasingly dispersed across layers, we ex-
amine the evolution of visual representations from
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Figure 2: Layer-wise average principal angles for visual-
subspace evolution on LLaVA-1.5-7B.

a geometric perspective. Specifically, we compare
the visual subspace at each layer with two refer-
ence subspaces: the initial visual subspace, which
preserves the compact visual structure before LLM
processing, and the layer-wise textual subspace,
which characterizes the language-oriented geome-
try introduced by the LLM.

Initial Visual Subspace P?. We first construct
the initial visual subspace from the projected vi-
sual representation H?, which serves as a reference
for the original visual structure. Specifically, we
perform SVD on H? and retain the principal right
singular vectors that preserve 95% of its spectral
energy, denoted as V,°. The corresponding projec-
tion matrix is defined as

P =Vv2VHT. )

Since P! is constructed from the dominant direc-
tions of H?, it captures the compact visual structure
of the initial visual tokens. Meanwhile, as in Sec-
tion 3.2, HS exhibits a low effective dimensionality,
making PS a suitable reference for analyzing how
visual representations deviate from their original
geometry across LLM layers.

Textual Subspace P}. We further construct a
layer-wise textual subspace to characterize the lin-
guistic information introduced by the LLM. Since
the text tokens of a single sample are limited and
may contain image-conditioned information due to
cross-modal self-attention, directly constructing a
subspace from each individual sample can be unsta-
ble. Therefore, we aggregate text representations
from multiple samples to obtain a more reliable
empirical approximation of the text space.
Specifically, inspired by (Yang et al., 2025b),
we randomly sample M instances from the COCO
2014 training set and collect their text representa-

tions at each layer:

Hy = {1, ") 3

m=1>

where Hf (™) denotes the text hidden states of the
m-th sample at layer [. Following the construc-
tion of P.), we perform SVD on IAﬂ and retain the
principal right singular directions to obtain the pro-
jection matrix P}. The resulting P} serves as an
empirical layer-wise textual subspace, providing
a reference for measuring whether visual repre-
sentations become increasingly aligned with the
language-oriented geometry of the LLM.

Average Principal Angles. Following the con-
struction of P?, we construct the visual subspace
P! from H! at each layer. To quantify its geomet-
ric evolution, we compute the average principal
angles (Knyazev and Argentati, 2002) between Pqﬂ
and two reference subspaces: the initial visual sub-
space P? and the textual subspace P}. These an-
gles are denoted as 95)70 and Hf,yt, respectively. A
smaller angle indicates stronger subspace overlap
and closer geometric alignment.

Figure 2 presents the layer-wise evolution of
95}70 and Qf,jt. As the layer depth increases, 95170
gradually becomes larger, indicating that the vi-
sual subspace progressively deviates from the ini-
tial visual subspace. Meanwhile, Héi consistently
decreases, suggesting that the visual subspace be-
comes increasingly aligned with the textual sub-
space. These trends reveal a clear geometric shift
during layer-wise evolution: visual representations
gradually move away from their original compact
visual geometry and become more coupled with
the language-oriented geometry of the LLM.

Such a shift can help incorporate linguistic pri-
ors into visual representations, which is beneficial
for multimodal reasoning (Jiang et al., 2025). How-
ever, excessive alignment with the textual subspace
may also reshape the original visual geometry and
scatter visual cues that are initially concentrated
in HY. This provides a geometric explanation for
the information dispersion observed in Section 3.2:
as visual representations deviate from the compact
initial visual subspace and become increasingly
aligned with the textual subspace, visual evidence
may become diluted, weakening visual grounding
during response generation.

4 Visual Representation Regularization

The above analysis shows that visual representa-
tions become increasingly dispersed as they propa-
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Figure 3: Visualization of SVD, initial visual subspace construction and VRR. VRR performs complete regularization

by pulling H' toward H in the initial visual subspace.

gate through LLM layers, making visual evidence
less accessible for grounded generation. To miti-
gate this issue, we propose Visual Representation
Regularization (VRR), a training-free method that
performs subspace-aware correction on the layer-
wise visual representation. VRR leverages the com-
pact structure preserved in the initial visual repre-
sentation H? to regularize H!, while keeping the
updated representation close to its original layer-
wise state. In this way, VRR aims to recover con-
centrated visual evidence without overwriting the
language-aligned information accumulated through
LLM layers, as illustrated in Figure 3.

Directly forcing H! to match H? may disrupt the
multimodal information formed during layer-wise
evolution. Therefore, instead of global alignment,
VRR only pulls H! toward H? within a selected
initial visual subspace. For notational simplicity,
we denote H? as H. We perform SVD on H:

H=UxV', 4)

where U and V are the left and right singular ma-
trices, and X contains the singular values. Assume
that there are r non-zero singular values sorted in
descending order:

op>092>-->0,>0. &)

We select the top k = |7 x| right singular vectors,
denoted as Vj, where v € (0, 1] controls the size
of the regularization subspace. The corresponding
projection matrix is defined as

P=WV,. (6)

For simplicity, we denote H! as H' and let H!
be the regularized visual representation at layer
[. VRR is formulated as the following subspace-
aware optimization problem:

[0}

J(H) = |H — H'|} + |(&' — H)P||%,

(M

where « € [0, 1) controls the strength of the visual
regularization. The first term keeps H! close to the
evolved representation H', preventing the correc-
tion from overwriting the information accumulated
through LLM layers. The second term encourages
H' to recover the compact visual structure of H
within the selected initial visual subspace.

Minimizing Eq. (7) yields the following closed-
form solution:

l—«o

H'=H'+ a(H — HYP. (8)

The detailed derivation is provided in Appendix A.

It can be interpreted as a residual correction ap-
plied to H'. (H — H")P pulls the dispersed vi-
sual representation back toward the compact visual
structure of H, while the residual form preserves
the original layer-wise representation. Therefore,
VRR mitigates information dispersion in a training-
free manner and provides more accessible visual
evidence for grounded generation.

S Experiments

5.1 Benchmarks.

We evaluate our method on CHAIR (Rohrbach
et al., 2018), POPE (Li et al., 2023), MME (Fu
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Table 1: Experimental results of CHAIR evaluation. Values in parentheses denote the performance changes, where

green indicates improvement and

indicates degradation.

Baselines mPLUG-Owl12-7B LLaVA-1.5-7B LLaVA-NeXT-7B
CHAIRs | CHAIR; | CHAIRs | CHAIR; | CHAIRs | CHAIR; |

Greedy 57.72 16.90 49.68 14.32 29.08 8.08
w/VRR 40.40 (17.32) 12.12 (4.78) 44.60 (5.08) 13.01 (1.31) 23.80 (5.28) 6.75 (1.33)
Beam 56.48 16.28 53.84 15.60 25.72 6.92
w/VRR 43.08 (13.40) 12.52 (3.76) 47.04 (6.80) 13.90 (1.70) 24.24 (1.48) 6.63 (0.29)
VCD 67.92 18.74 51.92 15.42 30.80 8.72
w/VRR 44.80 (23.12) 12.73 (6.01) 45.52 (6.40) 13.34 (2.08) 27.16 (3.64) 7.73 (0.99)
VHR 58.80 15.74 33.32 9.71 24.96 6.80
w/VRR 36.20 (22.60) 10.52 (5.22) 30.28 (3.04) 9.26 (0.45) 23.00 (1.96) 6.01 (0.79)
Nullu 50.88 16.58 44.40 13.21 34.04 8.59
w/VRR 33.56 (17.32) 11.87 4.71) 39.24 (5.16) 11.66 (1.55) 30.24 (3.80) 7.96 (0.63)

et al., 2026) and LLaVA-Bench (In-the-Wild) (Liu
et al., 2024b). CHAIR measures object hallucina-
tion in image captioning, and we report caption-
level (CHAIR) and instance-level (CHAIR;) hal-
lucination rates. POPE evaluates object-level hal-
lucination with binary object-existence questions.
Following the standard setting, we use COCO (Lin
et al., 2014), GQA (Hudson and Manning, 2019),
and A-OKVQA (Schwenk et al., 2022), each with
random, popular, and adversarial subsets, and re-
port average accuracy and F1 score. MME is a
comprehensive benchmark comprising 14 tasks
across two categories: Perception and Cognition.
We report the results on the Count, Position, and
OCR tasks, as well as the overall scores for the two
categories. LLaVA-Bench is designed to evaluate
vision-language models on a broad range of chal-
lenging tasks, including simple question answering,
detailed description, and complex reasoning. Due
to the open-ended and complex nature of the re-
sponses, GPT-4V is used to evaluate LVLM outputs
in terms of accuracy, detailedness, and naturalness.
More details are provided in Appendix B.1.

5.2 Experimental Settings

This section introduces the MLLMs and baselines
used in our experiments. More details are provided
in Appendix B.2.

Implementation Details. We conduct experi-
ments on four representative MLLMs: LLaVA-1.5-
7B (Liu et al., 2023), mPLUG-OwI2-7B (Ye et al.,
2024), LLaVA-NeXT-7B (Liu et al., 2024c) and
LLaVA-NeXT-13B. For mPLUG-OwI2-7B, we use
v = 0.5, = 0.05. For LLaVA-1.5-7B, we use

v = 0.5, = 0.4. For LLaVA-NeXT-7B, we use
v = 0.2, = 0.2. We conduct broader experi-
ments using LLaVA-NeXT-13B with v = 0.2 and
a = 0.2. We apply VRR to all LLM layers by de-
fault. Since applying VRR to the middle and later
layers degrades LLaVA-NeXT-13B performance,
we apply VRR only to the first five layers. We
use M = 1000 samples to construct the textual
subspace in Section 3.3. The maximum number of
generated tokens is set to 512 for LLaVA-1.5-7B
and LLaVA-NeXT-7B, while it is set to 128 for
mPLUG-OwI2-7B. For beam decoding, the num-
ber of beams is set to 5. The default decoding
strategy is greedy decoding.

Baselines. VRR is a plug-and-play method that
is compatible with popular training-free methods.
We use five baselines: greedy sampling, beam sam-
pling, VCD (Leng et al., 2024), VHR (He et al.,
2025) and Nullu (Yang et al., 2025b). Greedy sam-
pling and beam sampling are two commonly used
decoding strategies. VCD and VHR mitigate hal-
lucinations from contrastive decoding and the at-
tention mechanism, respectively. Both our method
VRR and the baseline Nullu are representation-
based approaches for hallucination mitigation.

5.3 Results

This section introduces the main results in our
experiments. More details are provided in Ap-
pendix B.3.

CHAIR. As shown in Table 1, VRR consis-
tently mitigates hallucinations under most set-
tings, demonstrating its effectiveness and robust-
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Table 2: Experimental results of POPE evaluation. Values in parentheses denote the performance changes, where

green indicates improvement and

indicates degradation.

. mPLUG-OwI2-7B LLaVA-1.5-7B LLaVA-NeXT-7B
Datasets Baselines

Acc T F11 Acc 1 F11 Acc 1 F11

Greedy 78.14 81.04 83.72 84.77 88.67 88.48
w/VRR 83.17 (5.03) 84.31 3.27) 84.79(1.07) 85.58 (0.81) 88.98 (0.31) 88.69 (0.21)

Beam 78.17 81.07 84.81 85.12 88.63 88.44
w/VRR 83.15(4.98) 84.29 (3.22) 84.70 85.51 (0.39) 88.96 (0.33) 88.67 (0.23)

MSCOCO VCD 77.98 80.64 83.04 84.26 88.34 88.11
w/VRR 82.13 (4.15) 83.23 (2.59) 83.71 (0.67) 84.71 (045) 88.54(0.20) 88.23 (0.12)

VHR 79.97 82.21 83.80 85.25 89.25 89.02

w/VRR 84.58 (4.61) 8523 (3.02) 84.520.72) 85.62(0.37) 89.00 88.59

Nullu 83.37 84.28 84.80 85.31 88.72 88.08

w/VRR 8591 2.54) 8595 (1.67) 85.69(0.89) 85.88(0.57) 88.71 87.95

Greedy 75.59 79.66 74.41 79.49 83.00 84.94
w/VRR 80.19 (4.60) 81.87 (2.21) 75.84 (1.43) 80.28 (0.79) 83.57 (0.57) 85.16 (0.22)

Beam 75.48 79.58 74.35 79.46 83.09 85.01
w/VRR 80.12 (4.64) 81.82 (2.24) 75.74 (1390 80.22(0.76) 83.79 (0.70)  85.34 (0.33)

GQA VCD 76.15 79.44 73.50 78.81 82.81 84.74
w/VRR 79.88 3.73)  80.76 (1.32)  74.44 (0.94) 79.38 (0.57) 83.27 (0.46) 84.91 (0.17)

VHR 75.47 79.44 74.10 79.33 83.91 85.42
w/VRR 80.69 (5.22) 81.73 (2290 74.320.22) 79.30 84.36 (0.45)  85.45 (0.03)

Nullu 80.69 81.99 77.53 81.33 85.13 86.23

w/VRR 81.82 (1.13) 82.21 (0.22) 78.81(1.28) 81.96 (0.63) 85.23 (0.10) 85.89

Greedy 71.95 77.83 76.04 80.30 85.47 87.02
w/VRR 78.27 (6.32) 81.51 3.68) 77.33(1.29) 80.99 (0.69) 85.91 (0.44) 87.20 (0.18)

Beam 71.89 77.80 75.99 80.26 85.47 87.02
w/VRR 78.22 (6.33) 81.47 3.67) 7726 (1.27) 80.94 (0.68) 85.96 (0.49) 87.24 (0.22)

A-OKVQA VCD 71.66 77.43 75.23 79.66 85.28 86.84
w/VRR 77.44 (5.78) 80.62 (3.19) 76.34 (1.11) 80.34 (0.68) 85.76 (0.48)  87.11 (0.27)

VHR 72.91 78.38 75.72 80.13 86.20 87.49

w/VRR 78.98 (6.07) 81.76 3.38) 76.34 (0.62) 80.29 (0.16) 86.46 (0.26) 87.48

Nullu 80.40 82.71 78.59 81.82 86.81 87.76

w/VRR 82.33(1.93) 83.72 (1.01) 80.18 (1.59) 82.65(0.83) 86.81 (0.00) 87.46

ness. VRR brings the most significant improve-
ment to mPLUG-OwI2-7B. Taking greedy decod-
ing as an example, CHAIRgs and CHAIR,; are
reduced by 17.32 and 4.78, respectively, in con-
trast to the marginal gains achieved by other meth-
ods. For LLaVA-1.5-7B, VRR yields consistent im-
provements. Although LLaVA-NeXT-7B already
achieves strong performance, VRR further im-
proves its results. For example, under VHR, adding
VRR further reduces CHAIR, and CHAIR; by
1.96 and 0.79, respectively. Results also prove that
VRR is compatible with different decoding strate-
gies and other hallucination mitigation methods.

POPE. Experimental results of POPE evaluation
are provided in Table 2. Consistent with the re-
sults on the CHAIR benchmark, VRR brings the
most significant improvement to mPLUG-OwI2-
7B. For example, under greedy decoding on A-
OKVQA, VRR improves Acc by 6.32 and F1 by
3.68. VRR also yields consistent gains on LLaVA-
1.5-7B across the three datasets. Although LLaVA-
NeXT-7B already substantially reduces halluci-
nations compared with other MLLMs, VRR still
brings positive effects in most setting. For instance,
on GQA with VHR, where the Acc already reaches
83.91, VRR further improves it by 0.45. VRR
consistently improves performance, demonstrating
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Table 3: Experimental results on MME and LLaVA-Bench benchmarks, with the best results highlighted in bold.

Model MME LLaVA-Bench

Count  Position OCR  Perception Cognition Accuracy Detailedness Naturalness
LLaVA-NeXT-7B 133.33  151.67 125.0 1433.01 192.50 5.517 6.417 6.783
w/ VRR 135.00 140.00 130.0 1441.02 207.14 5.533 6.683 7.133
LLaVA-NeXT-13B  151.67  125.00 90.0 1433.93 273.21 5.300 6.767 6.333
w/ VRR 153.33  130.00 97.5 1444.34 278.21 5.317 6.817 6.450

strong plug-and-play capability.

MME and LLaVA-Bench. To broaden the eval-
uation, we evaluate VRR on MME and LLaVA-
Bench using both LLaVA-NeXT-7B and the larger
LLaVA-NeXT-13B model. The results are sum-
marized in Table 3. VRR remains competitive
on the newly added benchmarks. On MME, VRR
improves performance on most evaluation tasks,
suggesting that it can mitigate object-level halluci-
nations while preserving broader visual perception
and reasoning capabilities. On LLaVA-Bench, all
evaluated models consistently benefit from VRR,
demonstrating that it mitigates hallucinations with-
out compromising the overall multimodal capabil-
ity of MLLMs.

5.4 Further Analysis

Following (An et al., 2025), we conduct ablation
studies on the popular subset of the POPE bench-
mark constructed from the COCO dataset and pro-
vide further analysis. More details are provided in
Appendix B .4.

Table 4: Ablation experiments of a conducted on the
three models, with the best results highlighted in bold.

, MPLUG-OwI2-7B LLaVA-15-7B  LLaVA-NeXT-7B

Acc T F11 Acct F11T Acct F11
00 7740 8043 8480 8550 8897 8870
005 8313 8419 8510 8580 8923  88.93
0.1 8643 8640 8540 8608 8940  89.06
02 5000 6667 8557 86.17 89.60  $9.22
04 5000 6667 8600 8645 89.70  89.22
0.6 5000 6667 8613 8649 89.37  88.80

Ablation Experiments of o. Table 4 presents the

ablation results of «, which controls the regular-
ization strength in VRR. The optimal value of «
differs across models. mPLUG-OwI2-7B performs
well at & = 0.05 and achieves the best performance
at a = 0.1. However, applying o = 0.1 to other
baselines leads to performance degradation, indi-
cating that this setting is less robust. Moreover,

when a large « is used, the model performance be-
comes comparable to random selection, because
the output format is disrupted and the model fails to
provide standardized answers. For LLaVA-1.5-7B,
the performance steadily improves as « increases.
For LLaVA-NeXT-7B, increasing o from 0.0 to 0.4
brings substantial performance gains. The Acc val-
ues at « = 0.2 and o = 0.4 are close, and their F1
scores are the same. To improve robustness across
different settings and datasets, we finally set « to
0.05, 0.4, and 0.2 for mPLUG-OwI2-7B, LLaVA-
1.5-7B, and LLaVA-NeXT-7B, respectively.

87.0

[ Acc

O F1
86.45

86.22
86.00

85.60

85.76
85.50 85.57

85.67|
85.10
84.80
- 15 6-

Figure 4: Ablation experiments on layer.

84.87| 84.93

19 20-27 28-32

Layer

1-32

Layer Selection. We investigate the effect of
layer selection on VRR by conducting experiments
on LLaVA-1.5-7B. The results are shown in Fig-
ure 4. “-” indicates the setting without VRR. Fol-
lowing (Jiang et al., 2025), we divide the LLM
layers into shallow layers (1-5), middle layers (6—
19), middle-to-late layers (20-27), and late layers
(28-32), and compare them with all layers (1-32).
Our method improves model performance under all
settings, with the most significant gains observed
in the middle layers. Applying VRR to all layers
achieves the best overall performance.

Visual Subspace Construction. VRR performs
regularization within the initial visual subspace.
To validate this design, we conduct ablation ex-
periments on LLaVA-1.5-7B, with results reported
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Table 5: Ablation experiments on the visual subspace
construction, with the best results highlighted in bold.

Method Acct F171
- 84.80  85.50

P 83.60 81.43
P 83.47 81.20
Ps 86.03 84.98
Py 8597 86.42
VRR 86.00 86.45

in Table 5. “-” denotes the baseline without VRR.
P directly adds the initial visual representation to
the visual representations at all layers. P, applies
the same direct addition only to the first half of the
LLM layers. P5 constructs a subspace from the
visual representation of each corresponding layer.
P, constructs a subspace from the full initial rep-
resentation, incorporating both visual and textual
representations. As shown in Table 5, P, and P»
lead to performance degradation, suggesting that di-
rectly injecting the initial visual representation may
disturb the original structure of layer-wise visual
representations. P53 achieves the highest Acc but re-
sults in a negative gain in F1, indicating less stable
performance. P improves the overall performance
by constraining the correction within a subspace.
In comparison, our method improves both Acc and
F1, achieving the best F1 score of 86.45, which
verifies the effectiveness of regularizing within the
selected initial visual subspace.

Table 6: Ablation experiments on target visual represen-
tation, with the best results highlighted in bold.

Layer Acct F171
- 84.80  85.50
28 84.80  85.50
20 84.77  85.48
6 85.10  85.76

3 85.30  85.89
VRR 86.00 86.45

Target Representation. VRR uses the initial
visual representation before LLM processing as
the target representation, since it preserves the
most compact visual information. We validate
this choice through ablation experiments, as shown
in Table 6. Following the layer partition in Sec-

tion 5.4, we construct target subspaces from visual
representations after the 37¢, 6!, 20", and 28"
layers, and regularize subsequent visual represen-
tations within these subspaces. The results show
that earlier target representations consistently yield
better performance, with the initial visual represen-
tation achieving the best results.

6 Conclusion

In this paper, we study hallucinations in MLLMs
from the perspective of visual representation evolu-
tion. We show that visual representations progres-
sively disperse across LLM layers, deviating from
the initial visual subspace and aligning with the
textual subspace. Motivated by this finding, we pro-
pose Visual Representation Regularization (VRR),
a training-free method that preserves core initial
visual information through subspace-aware regu-
larization. Experiments on various benchmarks
demonstrate that VRR consistently mitigates hal-
lucinations across different MLLMs and further
enhances existing inference-time mitigation meth-
ods. This work offers a new representation-level
perspective for understanding and reducing halluci-
nations in MLLMs.

Limitation

SVD introduces additional computational over-
head, while the projection spaces constructed by
our method are relatively coarse and may not ad-
equately capture the complex nonlinear structure
of visual representations. In addition, performance
gains are marginal or even negative on some met-
rics, and the diversity of evaluated model families
remains limited. Future work will focus on develop-
ing more computationally efficient and fine-grained
approaches for constructing projection spaces, ana-
lyzing the causes of negative performance changes,
and evaluating the method across a broader range
of model families.
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A Proof of Eq. (8)

The expression of J (I/{\l) is known as Eq. (7). Tak-

P

ing the derivative of 7 (H') yields:

—

l — —
%:Q(Hl—Hl)—i—QL(HZ—H)P
OH! 1—«
©))
. JHY .
By setting Y- 0, we obtain:
H=H+ -2 HgP)I+-2-P)"
(H'+ 2 HP)(I+ —“—P)7 (10)

By Eq. (6), V}, as an orthonormal basis, satisfies:

L= Vi)'V (an

where [}, is the identity matrix of shape k.
According to the Woodbury matrix identity, for
conformable matrices A, U, C, and V', we have:
(A+ UCV)_1 =A"!

12
—A'yctrvaTlu)yTlval (12

Let A=I1,U=V;,C =121,V = (V)" and
combine Eq. (6), Eq. (11) and Eq. (12), then:

«

(I+ Py '=1-aP. (13)

l-«
Substituting Eq. (13) back into Eq. (10) and us-
ing the property P = P2 of the projection matrix
yields:

H = H' +o(H — H)P, (14)

which is equivalent to Eq. (8).

B Experiments Details

B.1 Benchmarks

CHAIR. CHAIR evaluates object hallucination
by comparing generated captions with ground-truth
data. It identifies objects mentioned in the cap-
tions that do not appear in the image and quanti-
fies hallucination by computing their proportion.
It’s metrics includes caption-level (CHAIR g) and
instance-level (CHAIR;):

i halluci i
CHAIRg = |{caption w/ hallucinated objects}\,

|{all captions}|
(15)

(16)

|{hallucinated objects} |

CHAIR; = .
! |{all mentioned objects}|

We randomly sample 500 images from the COCO
2014 validation set (Lin et al., 2014) and repeat
the experiments 5 times using different random
seeds. We employ the prompt “Please describe this
image in detail” to query the MLLMs for image
descriptions.

POPE. The POPE benchmark evaluates object
hallucination by asking whether the model can cor-
rectly answer the presence of objects in an image.
Each image is associated with questions such as
“Is there a <object> in the image?”.

B.2 Experimental Setting Details
B.2.1 MLLMs.

All selected models consist of a vision encoder,
a connector, and an LLM. They employ different
strategies for generating vision tokens. LLaVA-1.5-
7B directly encodes the original image into vision
tokens. mPLUG-OwI2-7B introduces a visual ab-
stractor to compress the vision tokens, thereby en-
hancing the understanding of global image seman-
tics. In contrast, LLaVA-NeXT-7B and LLaVA-
NeXT-13B jointly encodes the original image to-
gether with multiple image patches, generating
a larger number of vision tokens to enhance the
model’s fine-grained visual perception.

B.2.2 Baselines

VCD focuses on decoding refinement by compar-
ing the output distributions between original and
perturbed visual inputs, thereby reducing reliance
on statistical bias and unimodal priors. VHR fo-
cuses on improving the attention module by enhanc-
ing the role of visually grounded attention heads
to mitigate hallucinations. These methods repre-
sent two mainstream paradigms for hallucination
mitigation. Nullu projects the input features into
the null space spanned by hallucinated embedding
features to reduce object hallucination. We incorpo-
rate VRR into the above baselines to demonstrate
the superiority and robustness of our approach.

B.3 Results

B.3.1 Generation Quality Analysis

In addition to the original CHAIR; and CHAIRS,
we report caption length, the number of mentioned
objects, object precision (P), recall (R), and F1,
as well as the standard captioning metrics SPICE
and CLIPScore. Using mPLUG-OwI2-7B, the re-
sults are shown in Table 7. VRR substantially re-
duces CHAIR,; and CHAIR; without sacrificing
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Table 7: Generation quality analysis on mPLUG-OwI2-7B, with the best results highlighted in bold.

Method CHAIR;| CHAIR;] Length Mentioned objects Pt Rt F11t  SPICET CLIPScoret
Greedy 57.72 16.90 92.00 3.44 7540 81.58 75.16 0.1838 80.25
w/ VRR 40.40 12.12 82.18 2.88 8320 7695 77.10 0.1929 80.45

generation quality. Despite generating shorter cap-
tions and mentioning fewer objects, VRR achieves
significant improvements in precision and F1, in-
dicating better visual grounding. The marginal
improvements in SPICE and CLIPScore further
suggest that these gains are not simply attributable
to more conservative generation. We qualitatively
demonstrate the hallucination mitigation capability
of VRR, as shown in Figure 5. VRR suppresses the
generation of hallucinated terms while preserving
the coherence of the original semantics.

B.3.2 Generalization Experiment

Table 8: Comparison of different baselines across bench-
marks using LLaVA-NeXT-13B. The best results are
highlighted in bold.

Baselines MM Hallusion MMHal
Greedy 75.72 51.11 2.031
w/ VRR 77.73 53.23 2.073
VHR 74.29 50.48 2.333
w/ VRR 74.24 50.57 2.396

We additionally conduct experiments on LLaVA-
NeXT-13B using both Greedy and VHR. We
report MMBench overall accuracy (MM) (Liu
et al., 2024e), HallusionBench all accuracy (Hal-
lusion) (Guan et al., 2024), and MMHal-Bench
average score (MMHal) (Sun et al., 2024). The
results are shown in Table 8. VRR consistently
achieves competitive performance under both base-
lines, with particularly significant improvements
under Greedy. It demonstrates that VRR is also ef-
fective on broader multimodal hallucination bench-
marks, further validating its generalizability.

B.3.3 Comparative Experiment

We compare VRR directly with PTT (Zhang et al.,
2026) on the MSCOCO subset of the POPE bench-
mark using LLaVA-1.5-7B. PTI intervenes in the
prefill stage to mitigate hallucinations. It is also
compatible with other hallucination mitigation
methods and features plug-and-play functionality.
We then evaluate the compatibility of both meth-
ods. In addition to Greedy and Nullu used in the
main text, we introduce two additional hallucina-
tion mitigation methods, OPERA (Huang et al.,

Table 9: Comparison of different baselines with PTT and
VRR on the MSCOCO subset of the POPE benchmark
using LLaVA-1.5-7B.

Method Acct FI17
Greedy 83.72  84.77
w/ PTI 84.09 85.02
w/ VRR  84.79 85.58
Nullu 84.80 85.31
w/ PTI 8496 8534
w/ VRR  85.69 85.88
OPERA 83.80 84.83
w/ PTI 84.12 85.04
w/ VRR  84.87 85.64
PAI 84.84 8541
w/ PTI 84.69 85.19
w/ VRR 85.61 85.85

2024) and PAI (Liu et al., 2024d). The perfor-
mance improvements over each baseline are shown
in Table 9. The results show that VRR consistently
outperforms PTT across all baselines. In particu-
lar, when combined with PAI, PTI even degrades
the performance compared with using PAI alone,
whereas VRR consistently improves upon the orig-
inal PAI baseline, further demonstrating its strong
plug-and-play compatibility. Moreover, when used
alone, VRR achieves a higher F1 score than exist-
ing training-free methods such as Nullu and PAI,
further demonstrating its superior effectiveness.

B.4 Further analysis

Table 10: Ablation experiments of v conducted on the
three models, with the best results highlighted in bold.

. mPLUG-OwI2-7B  LLaVA-1.5-7B  LLaVA-NeXT-7B
Acc 1 F11 Acct F11  Acc?t F11
- 77.40 80.43 84.80 8550 88.97 88.70
0.1 8283 83.85 85.80 8632 89.53 89.16
02 81.97 83.31 85.67 86.19 89.60 89.22
0.5 83.13 84.19 86.00 86.45 89.13 88.64
1.0 8133 82.99 86.07 86.38 88.77 88.06

Ablation experiments of v. Table 10 presents
the ablation results of -y, which denotes the propor-
tion of principal directions retained from all non-
zero principal components. The setting “-” indi-
cates the baseline without VRR. The optimal value
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Text prompts: Please describe this image in detail.
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|

Greedy: The image features a city skyline with a bridge spanning across a river.
The bridge is located near the center of the scene, connecting two sides of the
river. The cityscape is surrounded by trees, with some of them appearing to be
autumn-colored. There are several people scattered throughout the scene,
enjoying the view of the city and the river. Some of them are standing closer to
the bridge, while others are further away, taking in the picturesque surroundings.

VRR: The image features a city skyline with a bridge spanning across a body of water. The bridge is the main focus of
the scene, connecting the city on the other side of the water. The skyline is visible in the background, with tall buildings
lining the horizon. In the foreground, there are several trees near the water, adding a touch of nature to the urban
landscape. The trees are scattered throughout the scene, with some closer to the bridge and others further away. The
combination of the bridge, city skyline, and trees creates a picturesque view of the urban environment.

. " | Text prompts: Please describe this image in detail.

the floor near the toilet.

g
= T

Greedy: The image features a small bathroom with a red and white shower curtain. The shower curtain
is open, revealing the shower area. The bathroom also has a toilet situated next to the shower. In
addition to the main bathroom fixtures, there are a few other items in the room. A bottle can be seen
on the left side of the bathroom, and a cup is placed on the right side. A book is also visible, resting on

VRR: The image features a bathroom with a toilet and a shower stall with a red and white shower curtain. The shower
curtain is open, revealing the shower area. The toilet is located on the left side of the bathroom, while the shower stall is
on the right. The bathroom appears to be clean and well-maintained.

Figure 5: Examples of VRR mitigating hallucinated content using mPLUG-OwI2-7B. Red words indicate halluci-

nated terms.

of v varies across models, and mPLUG-OwI2-7B
achieves larger gains than the other two models,
attaining the best performance at v = 0.5. For
LLaVA-1.5-7B, Acc is highest at v = 1.0, while F1
is highest at v = 0.5. LLaVA-NeXT-7B achieves
the best performance at v = 0.2. When all non-
zero principal components are retained (y = 1.0),
the performance of LLaVA-NeXT-7B decreases,
suggesting that retaining all non-zero principal
components may introduce noise. To preserve the
dominant information while retaining as little noise
as possible, we finally set v to 0.5, 0.5, and 0.2 for
mPLUG-OwI2-7B, LLaVA-1.5-7B, and LLaVA-
NeXT-7B, respectively.

Computational Efficiency. We analyze the com-
putational efficiency of VRR on the POPE-Popular
benchmark using LLaVA-1.5-7B, and report the
latency of the first forward pass (Latency), peak
GPU memory consumption (Memory), and the cor-
responding accuracy (Acc).

Table 11: The relationship between layer count and
computational efficiency on LLaVA-1.5-7B.

Layer - 5 19 32

Latency (s) 0.158 +0.071 +0.076 +0.082
Memory (GB) 13.83 +0.08 +0.08 +0.08
Acc (%) 84.80 +0.30 +1.20 +1.20

We first analyze the layer-wise performance-
efficiency trade-off. The results are shown in Ta-
ble 11. Performance becomes stable after the 19"
layer, while latency and memory consumption re-
main nearly unchanged, indicating that layer-wise
regularization has a negligible impact on efficiency.

Table 12: The relationship between 7 and latency on
LLaVA-1.5-7B.

¥ Latency (s) Acc (%)
- 0.158 84.80
0.1 +0.021 +1.00
0.5 +0.057 +1.20
1.0 +0.122 +1.27

VRR constructs the projection matrix via Partial
SVD, with v controlling the number of retained
basis vectors and the resulting latency. We further
analyze the relationship between ~ and latency on
LLaVA-1.5-7B, with the results shown in Table 12.
As 7 increases, the latency gradually increases,
while the accuracy remains nearly unchanged once
~v > 0.5. This suggests that retaining more basis
vectors beyond this point provides limited accuracy
gains at the cost of increased latency.
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