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Supplementary Material

A. Additional Preliminaries

Masked Image Modeling. Masked Image Modeling
(MIM) is a self-supervised learning paradigm wherein a
model learns to reconstruct representations of masked im-
age regions. Following iBOT [60], an input image I is parti-
tioned into N patches and encoded via a vision encoder Gξ.
A binary mask M ∈ {0, 1}N indicates which patches are
masked. iBOT employs a teacher-student framework where
the student predicts the teacher’s representations at masked
positions. The objective minimizes the cross-entropy be-
tween student predictions and teacher targets:

LMIM = −
∑
i∈PM

softmax(ẑi/τtea.) · log softmax(z̃i/τstu.),

(1)
where PM = {i ∈ {1, . . . , N} | Mi = 1} denotes the
masked position indices, and τtea., τstu. are temperature pa-
rameters controlling the softmax sharpness for teacher and
student distributions, respectively. We adopt τtea. = 0.04
and τstu. = 0.1 by default. This formulation enables
the student to learn discriminative semantic representations
through reconstruction of masked region features.

CKNNA. Centered Kernel Nearest-Neighbor Alignment
(CKNNA) [20] is a metric for measuring feature alignment
between models, derived as a relaxed variant of Centered
Kernel Alignment (CKA) [23]. Given two feature sets, CKA
quantifies their global similarity through kernel matrices as:

CKA(K,L) =
HSIC(K,L)√

HSIC(K,K)HSIC(L,L)
, (2)

where K and L denote kernel matrices computed from the
feature sets, and HSIC(·, ·) represents the Hilbert-Schmidt
Independence Criterion measuring feature dependence. The
kernel matrices are defined as Kij = κ(ki,kj) and Lij =
κ(li, lj), where κ(·, ·) is the kernel function and ki, li are
feature vectors. Using the inner product kernel, HSIC is
formulated as:

HSIC(K,L) =
1

(N − 1)2

( N∑
i=1

N∑
j=1

(
⟨ki,kj⟩ − E[⟨ki,kj⟩]

)
(
⟨li, lj⟩ − E[⟨li, lj⟩]

))
.

(3)

CKNNA refines CKA by restricting alignment to nearest

neighbors, replacing HSIC(·, ·) with HSICkNN(·, ·):

HSICkNN(K,L) =
1

(N − 1)2

( N∑
i=1

N∑
j=1

I(i, j)
(
⟨ki,kj⟩

− E[⟨ki,kj⟩]
)(
⟨li, lj⟩ − E[⟨li, lj⟩]

))
,

(4)

where I(i, j) is the nearest-neighbor indicator:

I(i, j) =
{

1 if i ̸= j,ki ∈ kNN(lj ; k), lj ∈ kNN(ki; k),
0 otherwise,

(5)
with kNN(x; k) denoting the k-nearest neighbors of x. We
set k = 10 by default.

B. Additional Discussion on Visual Feature Ho-
mogenization

MLLMs exhibit modality imbalance [6, 56, 58], system-
atically biasing toward textual information over visual in-
puts [21, 26, 34, 40, 56, 58], with more allocated atten-
tion scores and predictions predominantly grounded in text
modality [40, 53].

To further validate the progressive visual feature ho-
mogenization phenomenon illustrated in Fig. 2 of the
main text, we conduct comprehensive empirical analyses
across multiple vision encoders and evaluation metrics.
This phenomenon reveals a critical insight: MLLMs pro-
gressively discard rich visual information throughout their
layers, potentially retaining only those visual features di-
rectly relevant to textual reasoning tasks. We posit that this
mechanism fundamentally stems from the next-text-token-
prediction objective, which inherently emphasizes the text
modality and provides only indirect, implicit supervisory
signals for developing intrinsic visual modeling capabili-
ties. While this text-centric training paradigm proves ef-
fective for tasks demanding sophisticated language gen-
eration competence, it is suboptimal for training MLLMs
that should seamlessly integrate multimodal information
without disproportionately favoring any particular modal-
ity [10, 48]. The limited performance of MLLMs on dense
visual understanding tasks serves as compelling evidence of
this text-modality bias.

We provide extensive empirical validation of the pro-
gressive visual feature homogenization phenomenon in
Fig. 1, Fig. 2, and Fig. 3, examining diverse vision encoders
including Qwen2.5-7B-Instruct [41] paired with SigLIP
2 [49], CLIP [42], and DINOv2 [39], demonstrating that
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(a) Visual cosine similarity for SigLIP 2.
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(b) Visual cosine similarity for CLIP.
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(c) Visual cosine similarity for DINOv2.

Figure 1. Averaged visual cosine similarity across the layers. (a) shows the visual cosine similarity for SigLIP 2 [49]. (b) shows the
visual cosine similarity for CLIP [42]. (c) shows the visual cosine similarity for DINOv2 [39].
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(a) Visual attention allocation for SigLIP 2.
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(b) Visual attention allocation for CLIP.
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(c) Visual attention allocation for DINOv2.

Figure 2. Averaged visual attention allocation across the layers. (a) shows the visual attention allocation for SigLIP 2 [49]. (b) shows
the visual attention allocation for CLIP [42]. (c) shows the visual attention allocation for DINOv2 [39].

this phenomenon persists across different architectural con-
figurations. Specifically, we employ the CKNNA metric to
quantify feature alignment between intermediate visual rep-
resentations and input visual features, with detailed formu-
lation provided in Sec. A. We construct visual feature sets
using images from MMVP [48] and set k = 10 as the de-
fault neighborhood size.

Our results reveal several critical observations. First, vi-
sual feature homogenization intensifies in deeper layers, as
evidenced by the progressively increasing averaged visual
feature-wise cosine similarity shown in Fig. 1. Second,
the substantially diminished visual attention allocation il-
lustrated in Fig. 2 demonstrates that models predominantly
leverage information from text tokens, leaving abundant vi-
sual information severely underutilized. Notably, our em-
pirical findings indicate that this underutilization of visual
information persists consistently across all layers. Third,
the gradually decreasing CKNNA metric depicted in Fig. 3
indicates progressive misalignment of intermediate visual
features from their original representations. In stark con-
trast to the lower CKNNA similarity exhibited by baseline
models, our proposed LaVer consistently maintains sub-
stantially higher CKNNA similarity scores. This demon-
strates that LaVer effectively enables models to preserve
rich visual information from vision encoders and cultivate
robust intrinsic visual modeling capabilities.

The comprehensive evaluation across diverse bench-
marks conclusively demonstrates that by introducing ex-
plicit vision-centric supervisory signals, models’ multi-
modal capabilities can be significantly enhanced, particu-
larly on tasks demanding dense visual information compre-
hension and fine-grained visual understanding.

C. Additional Discussion on Visual Feature In-
consistency

As demonstrated in Sec. 4.2, applying the Masked Im-
age Modeling (MIM) objective in isolation paradoxically
leads to increased visual cosine similarity, signaling se-
vere visual information degradation rather than enhance-
ment. Our analysis of training dynamics reveals a critical
pattern: while visual cosine similarity initially decreases
during early training iterations, it rapidly escalates in sub-
sequent phases, ultimately surpassing baseline levels. This
counterintuitive behavior arises because the MIM objective,
while encouraging the model to reconstruct its own visual
embeddings, fails to explicitly constrain the model from
generating homogeneous visual features, i.e., a degenerate
solution that minimizes MIM loss at the expense of preserv-
ing meaningful visual distinctions.

This phenomenon bears striking resemblance to obser-
vations reported in prior work [7, 39, 43], where models
progressively generate visual features exhibiting high co-
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(a) CKNNA for SigLIP 2.
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(b) CKNNA for CLIP.
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(c) CKNNA for DINOv2.

Figure 3. CKNNA metrics across the layers. (a) displays the CKNNA metric for SigLIP 2 [49]. (b) displays the CKNNA metric for
CLIP [42]. (c) displays the CKNNA metric for DINOv2 [39].

Table 1. Hyperparameters of training stages.

Configuration Stage 1 Stage 2 Stage 3

Trainable parameters Connector Hϕ Connector Hϕ, LLM Fθ, Vision Head Vψ Connector Hϕ, LLM Fθ
Frozen parameters Vision Encoder Gξ, LLM Fθ Vision Encoder Gξ, Teacher LLM Fθ̂, Teacher Vision Head Vψ̂ Vision Encoder Gξ

Global batch size 128 128 128
Batch size per GPU 4 2 4
Accumulation steps 2 4 2
Max sequence length 2048 2048 2048
DeepSpeed Zero Stage 2 2 2
Learning rate 2.0× 10−3 2.0× 10−5 1.0× 10−5

Learning rate schedule Cosine Cosine Cosine
Warmup ratio 0.05 0.05 0.05
Weight decay 0 0 0
Training steps 4360 6250 6250
Data scale 558K 800K 800K
Optimizer AdamW AdamW AdamW
β1, β2 0.9, 0.999 0.9, 0.999 0.9, 0.999
Precision bf16 bf16 bf16

Table 2. Hyperparameters of LaVer.

Configuration LaVer

Visual hidden dimension 8192
Loss coefficient ωMIM 1.0
Loss coefficient ωCGA 1.0
Teacher temperature τtea. 0.04
Student temperature τstu. 0.1
Masking ratio 0.05
Masking schedule Cosine
EMA decay rate 0.95
EMA update steps 100
EMA schedule Cosine

sine similarity with global semantic tokens while discard-
ing fine-grained local structural information. Given the con-
ceptual alignment between our observations under isolated
MIM training and these established findings, we adopt the
terminology visual feature inconsistency to characterize this
pathology, wherein visual patches exhibit spuriously high
cosine similarity despite encoding fundamentally distinct
local visual information. While this phenomenon was at-

Table 3. Hyperparameters of ReasonSeg.

Configuration ReasonSeg

Trainable parameters Connector Hϕ, LLM Fθ
Frozen parameters Vision Encoder Gξ

Global batch size 128
Batch size per GPU 4
Accumulation steps 2
Max sequence length 2048
DeepSpeed Zero Stage 2
Learning rate 2.0× 10−4

Learning rate schedule Cosine
Warmup ratio 0.01
Weight decay 0.01
Training steps 30000
Data scale 3.8M
Optimizer AdamW
β1, β2 0.9, 0.999
Precision bf16

tributed to the global semantic contrastive loss in the DINO
series [43], our empirical findings reveal that local MIM
objectives can independently induce the same degenerative



Table 4. Computational cost comparison of stage 2. LaVer introduces modest computational overhead compared to the baseline, with
training time increases of 13-16% and memory consumption increases of 14-26% across different vision encoders. Despite these additional
costs, the substantial performance improvements demonstrated in our experiments justify this overhead, making LaVer a practical and
effective approach for enhancing MLLM capabilities.

Vision encoder Method Trainable Parameters Training Speed Training Time Total GFLOPs Memory Consumption

SigLIP 2 Baseline 7.63B 4.87 s/iter 8 h 27 min 2.46× 1010 55.24 GB
LaVer 7.65B 5.51 s/iter 9 h 34 min 3.04× 1010 69.82 GB

CLIP Baseline 7.63B 4.23 s/iter 7 h 42 min 2.24× 1010 53.24 GB
LaVer 7.65B 4.67 s/iter 8 h 28 min 2.80× 1010 66.79 GB

DINOv2 Baseline 7.63B 3.98 s/iter 6 h 55 min 1.85× 1010 51.24 GB
LaVer 7.65B 4.45 s/iter 7 h 44 min 2.19× 1010 58.24 GB
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(b) Blocked 2D-RoPE.

Figure 4. Illustration of packed visual sequences. (a) illustrates
diagonally blocked full attention for packed visual sequence. (b)
illustrates blocked 2D-RoPE for packed visual sequence.

behavior, highlighting a new failure mode.
To address this challenge, the Gram-Anchoring mech-

anism was proposed by [43] to explicitly enforce preser-
vation of spatial structural information while learning dis-
criminative local embeddings for each patch. However,
Gram-Anchoring exhibits a fundamental limitation: it sym-
metrically penalizes deviations in both directions, thereby
inadvertently discouraging the emergence of discrimina-
tive visual features. Specifically, when the model attempts
to produce more distinctive representations characterized
by lower feature-wise cosine similarity, it incurs penalties
equivalent to those for generating overly homogeneous fea-
tures. While this symmetric regularization proves benign
for vision-only models [43], it becomes problematic in the
context of MLLMs, which inherently suffer from modal-
ity imbalance. The pre-existing bias toward textual modal-
ity creates a perverse incentive: the model can exploit this

imbalance by generating nearly identical visual features to
trivially minimize the MIM objective, effectively circum-
venting genuine visual understanding.

To overcome this limitation, we propose Clipped Gram-
Anchoring, an asymmetric regularization strategy that se-
lectively penalizes the model only when it tends to pro-
duce visual features with excessively high cosine similar-
ity. By imposing penalties exclusively on the homoge-
nization direction while permitting the model to freely ex-
plore more discriminative feature spaces, this regularizer
effectively prevents visual feature inconsistency. This de-
sign aligns with the fundamental requirement for MLLMs,
i.e., maintaining rich, discriminative visual representations
that can meaningfully contribute to multimodal reasoning,
rather than collapsing into degenerate solutions that super-
ficially satisfy training objectives while sacrificing genuine
visual understanding capabilities.

Visual Feature Homogenization v.s. Visual Feature
Inconsistency. To elucidate the fundamental distinctions
between these two phenomena, we provide a justification of
their divergent characteristics. While both visual feature ho-
mogenization and visual feature inconsistency manifest the
same statistical signature, namely, the generation of visual
features exhibiting elevated feature-wise cosine similarity,
their underlying causal mechanisms and downstream impli-
cations differ substantially.

Visual feature homogenization emerges as a direct con-
sequence of the modality imbalance inherent in MLLMs’
training paradigm. Under the text-centric next-token-
prediction objective, models systematically exploit textual
tokens to generate responses while marginalizing the ma-
jority of available visual information. This preferential re-
liance on textual modality precipitates a progressive degra-
dation of visual representations, manifesting as increased
homogeneity among visual features across layers. Criti-
cally, this phenomenon reflects a fundamental loss of dis-
criminative visual information rather than a mere represen-
tational artifact.

In contrast, visual feature inconsistency originates from
the explicit application of the MIM objective in isolation.



Table 5. Scalability of LaVer on model parameters. LaVer demonstrates strong model scaling properties, consistently improving
performance across different parameter sizes (1.5B, 3B, and 7B) with both SigLIP 2 and CLIP vision encoders.

Benchmark
SigLIP2 CLIP

1.5B 3B 7B 1.5B 3B 7B

Baseline LaVer ∆Baseline Baseline LaVer ∆Baseline Baseline LaVer ∆Baseline Baseline LaVer ∆Baseline Baseline LaVer ∆Baseline Baseline LaVer ∆Baseline

GQA 45.98 48.51 ↑2.53 48.99 53.02 ↑4.03 55.03 56.78 ↑1.75 46.98 48.25 ↑1.27 50.00 48.99 ↓1.01 51.51 54.77 ↑3.26
MMBEN 61.89 65.51 ↑3.62 70.79 74.23 ↑3.44 73.97 75.60 ↑1.63 54.33 60.22 ↑5.89 62.80 63.23 ↑0.43 68.64 69.93 ↑1.29
SEEDI 58.65 63.04 ↑4.39 64.45 66.10 ↑1.65 67.57 68.62 ↑1.05 56.18 62.22 ↑6.04 62.63 62.67 ↑0.04 64.36 65.20 ↑0.84
MME 1261.35 1285.18 ↑23.83 1384.78 1445.33 ↑60.55 1510.73 1512.50 ↑1.77 1175.37 1213.01 ↑37.64 1260.48 1379.26 ↑118.78 1289.62 1474.65 ↑185.03
RWQA 52.68 52.29 ↓0.39 56.08 58.56 ↑2.48 53.86 59.35 ↑5.49 50.85 52.16 ↑1.31 56.73 55.29 ↓1.44 54.25 56.47 ↑2.22
MMMU 40.11 41.11 ↑1.00 41.11 42.00 ↑0.89 44.78 46.33 ↑1.55 38.33 39.44 ↑1.11 42.44 40.67 ↓1.77 44.56 44.56 ↑0.00
MM∗ 38.02 40.90 ↑2.88 46.80 50.07 ↑3.27 49.06 52.01 ↑2.95 37.42 40.83 ↑3.41 41.97 44.05 ↑2.08 43.17 45.45 ↑2.28
OCRB 237 258 ↑21 353 397 ↑44 536 639 ↑103 136 162 ↑26 226 265 ↑39 306 365 ↑59
TVQA 42.42 44.96 ↑2.54 51.33 55.78 ↑4.45 62.06 63.93 ↑1.87 31.70 34.65 ↑2.95 40.85 48.49 ↑7.64 43.86 49.93 ↑6.07
CQA 27.84 31.52 ↑3.68 40.00 42.32 ↑2.32 43.52 50.24 ↑6.72 18.40 19.04 ↑0.64 26.00 30.52 ↑4.52 27.36 39.36 ↑12.00
AI2D 59.94 62.56 ↑2.62 72.05 75.39 ↑3.34 73.74 75.55 ↑1.81 59.39 60.46 ↑1.07 64.73 65.54 ↑0.81 66.00 70.40 ↑4.40
MMVP 60.67 63.67 ↑3.00 65.00 64.00 ↓1.00 69.00 70.33 ↑1.33 52.00 54.67 ↑2.67 55.00 59.00 ↑4.00 60.00 64.00 ↑4.00
CV-B2D 52.69 53.13 ↑0.44 58.69 62.80 ↑4.11 67.87 69.82 ↑1.95 51.95 60.50 ↑8.55 57.93 61.17 ↑3.24 64.39 65.58 ↑1.19
SQA 72.78 76.45 ↑3.67 83.75 85.09 ↑1.34 86.51 89.09 ↑2.58 69.36 76.00 ↑6.64 72.73 73.18 ↑0.45 81.61 83.30 ↑1.69
MathV 35.90 43.10 ↑7.20 46.20 50.80 ↑4.60 52.20 55.60 ↑3.40 34.50 41.30 ↑6.80 41.60 43.30 ↑1.70 45.40 48.90 ↑3.50
Hallu 50.26 52.37 ↑2.11 53.99 54.68 ↑0.69 56.05 58.04 ↑1.99 46.37 48.37 ↑2.00 53.89 51.84 ↓2.05 53.42 55.95 ↑2.53
POPE 86.87 88.67 ↑1.80 86.03 85.53 ↓0.50 90.90 91.23 ↑0.33 86.03 88.60 ↑2.57 87.17 90.70 ↑3.53 90.50 90.30 ↓0.20

Average 46.32 48.74 ↑2.42 52.13 54.20 ↑2.07 55.72 57.87 ↑2.15 43.20 46.32 ↑3.12 48.07 49.38 ↑1.31 50.58 53.24 ↑2.66

Table 6. Scalability of LaVer on datasets. LaVer demonstrates strong data scaling properties, consistently improving performance across
different training dataset sizes.

Benchmark
SigLIP 2 CLIP

800K 2M 4M 800K 2M 4M

Baseline LaVer ∆Baseline Baseline LaVer ∆Baseline Baseline LaVer ∆Baseline Baseline LaVer ∆Baseline Baseline LaVer ∆Baseline Baseline LaVer ∆Baseline

GQA 55.03 56.78 ↑1.75 53.52 58.29 ↑4.77 57.54 58.79 ↑1.25 51.51 54.77 ↑3.26 53.27 55.53 ↑2.26 51.01 53.52 ↑2.51
MMBEN 73.97 75.60 ↑1.63 74.83 75.69 ↑0.86 73.37 76.20 ↑2.83 68.64 69.93 ↑1.29 68.81 73.02 ↑4.21 69.50 76.12 ↑6.62
SEEDI 67.57 68.62 ↑1.05 67.11 68.15 ↑1.04 67.61 68.02 ↑0.41 64.36 65.20 ↑0.84 63.66 65.70 ↑2.04 64.58 66.97 ↑2.39
MME 1510.73 1512.50 ↑1.77 1549.66 1589.66 ↑40.00 1574.33 1635.16 ↑60.83 1289.62 1474.65 ↑185.03 1312.79 1390.06 ↑77.27 1392.78 1461.37 ↑68.59
RWQA 53.86 59.35 ↑5.49 60.65 63.53 ↑2.88 59.61 63.92 ↑4.31 54.25 56.47 ↑2.22 54.63 58.04 ↑3.41 53.86 59.22 ↑5.36
MMMU 44.78 46.33 ↑1.55 43.56 45.56 ↑2.00 42.89 45.79 ↑2.90 44.56 44.56 ↑0.00 43.11 44.44 ↑1.33 41.00 42.44 ↑1.44
MM∗ 49.06 52.01 ↑2.95 50.67 50.74 ↑0.07 51.54 52.54 ↑1.00 43.17 45.45 ↑2.28 46.79 48.85 ↑2.06 44.85 50.61 ↑5.76
OCRB 536 639 ↑103 637 678 ↑41 665 684 ↑19 306 365 ↑59 355 387 ↑32 351 400 ↑49
TVQA 62.06 63.93 ↑1.87 64.93 68.65 ↑3.72 67.71 69.11 ↑1.40 43.86 49.93 ↑6.07 45.65 54.26 ↑8.61 52.39 57.73 ↑5.34
CQA 43.52 50.24 ↑6.72 58.88 64.48 ↑5.60 61.44 64.88 ↑3.44 27.36 39.36 ↑12.00 38.24 45.20 ↑6.96 42.84 51.04 ↑8.20
AI2D 73.74 75.55 ↑1.81 73.44 75.22 ↑1.78 73.15 75.06 ↑1.91 66.00 70.40 ↑4.40 66.65 70.98 ↑4.33 67.97 73.39 ↑5.42
MMVP 69.00 70.33 ↑1.33 67.00 71.33 ↑4.33 70.67 72.33 ↑1.66 60.00 64.00 ↑4.00 62.67 66.33 ↑3.66 64.00 69.00 ↑5.00
CV-B2D 67.87 69.82 ↑1.95 71.70 71.77 ↑0.07 72.11 73.35 ↑1.24 64.39 65.58 ↑1.19 61.27 64.67 ↑3.40 62.94 67.66 ↑4.72
SQA 86.51 89.09 ↑2.58 81.95 86.47 ↑4.52 84.28 87.01 ↑2.73 81.61 83.30 ↑1.69 83.89 84.83 ↑0.94 84.79 90.88 ↑6.09
MathV 52.20 55.60 ↑3.40 53.10 56.70 ↑3.60 53.50 56.70 ↑3.20 45.40 48.90 ↑3.50 47.00 51.70 ↑4.70 49.90 56.70 ↑6.80
Hallu 56.05 58.04 ↑1.99 60.15 61.41 ↑1.26 58.36 60.99 ↑2.63 53.42 55.95 ↑2.53 56.20 57.41 ↑1.21 57.52 56.89 ↓0.63
POPE 90.90 91.23 ↑0.33 91.33 91.47 ↑0.14 92.23 91.93 ↓0.30 90.50 90.30 ↓0.20 88.47 90.97 ↑2.50 90.13 89.07 ↓1.06

Average 55.72 57.87 ↑2.15 57.30 59.46 ↑2.16 58.08 59.88 ↑1.80 50.58 53.24 ↑2.66 51.84 54.88 ↑3.04 52.84 56.60 ↑3.77

While MIM provides direct supervisory signals that guide
the evolution of visual embeddings, it simultaneously intro-
duces an exploitable optimization shortcut: the model can
trivially minimize MIM loss by generating nearly identical
visual features, thereby achieving low reconstruction error
without preserving meaningful visual distinctions. Conse-
quently, the isolated MIM objective exacerbates rather than
ameliorates the situation, failing to provide balanced super-
visory signals across modalities and inadvertently reinforc-
ing the collapse toward homogeneous representations.

Our proposed LaVer framework addresses both patholo-
gies synergistically. By integrating the Clipped Gram-
Anchoring mechanism with the MIM objective, LaVer
effectively prevents visual feature inconsistency through
asymmetric regularization that selectively penalizes ex-
cessive homogenization while permitting discriminative
feature learning. Simultaneously, by introducing ex-
plicit vision-centric supervisory signals, LaVer mitigates
the underlying modality imbalance issue, enabling mod-

els to maintain rich, discriminative visual representations
throughout their layers. This dual-pronged approach culmi-
nates in substantially enhanced performance across diverse
multimodal benchmarks, particularly on tasks demanding
dense visual understanding.

D. Implementation Details
Hyperparameters. We summarize the hyperparameters for
each training stage in Table 1. Following common practice
in LLaVA-OneVision 1.5 [2], we adopt standard configu-
rations for our three-stage training pipeline. Note that we
do not use the exact datasets from LLaVA-OneVision 1.5,
as they were not fully available at the time of our experi-
ments. LaVer is applied exclusively to Stage 2, where visual
knowledge is injected into the model. The specific hyper-
parameters of LaVer are detailed in Table 2. We observe
that LaVer’s performance is robust to most hyperparameter
choices, requiring minimal tuning. Through comprehen-
sive ablation studies on masking strategies and EMA up-



Table 7. Ablation study on masking strategies. LaVer demonstrates strong robustness across different masking strategies.

Benchmark
SigLIP 2 CLIP

Baseline Cosine Constant Baseline Cosine Constant

0.05 0.1 0.2 0.3 0.0002 0.01 0.05 0.1 0.05 0.1 0.2 0.3 0.0002 0.01 0.05 0.1

GQA 55.03 56.78 56.53 56.26 54.87 54.83 55.96 55.22 56.11 51.51 54.77 54.71 54.52 52.76 52.26 53.02 52.26 51.01
MMBEN 73.97 75.60 75.65 75.04 73.99 74.89 73.74 74.46 73.80 68.64 69.93 69.24 70.62 71.39 65.38 70.10 72.77 70.27
SEEDI 67.57 68.62 68.50 68.49 67.48 67.82 68.42 68.34 67.96 64.36 65.20 65.02 64.27 64.99 64.67 64.21 64.81 65.03
MME 1510.73 1512.50 1546.12 1515.43 1534.31 1504.69 1496.10 1532.54 1495.53 1289.62 1474.65 1470.28 1407.86 1404.61 1421.08 1381.88 1399.67 1441.57
RWQA 53.86 59.35 58.77 58.62 55.51 58.33 55.18 54.55 56.17 54.25 56.47 55.59 55.56 54.12 52.42 54.51 55.56 52.94
MMMU 44.78 46.33 46.31 45.96 44.63 44.85 45.77 44.57 45.95 44.56 44.56 45.44 44.11 43.22 41.33 44.89 43.89 43.89
MM∗ 49.06 52.01 52.04 51.44 50.12 51.31 48.97 50.71 50.95 43.17 45.45 45.31 45.25 47.39 42.30 45.11 45.72 46.12
OCRB 536 639 638 625 582 619 606 607 597 306 365 354 345 301 292 302 300 297
TVQA 62.06 63.93 64.11 63.98 62.07 61.79 63.59 62.37 63.92 43.86 49.93 49.28 48.55 48.78 49.03 48.07 49.05 47.47
CQA 43.52 50.24 46.20 48.49 48.94 46.66 46.52 46.21 48.48 27.36 39.36 36.32 34.00 34.24 33.52 33.20 33.36 33.04
AI2D 73.74 75.55 75.86 74.68 73.61 74.37 73.65 74.35 73.70 66.00 70.40 69.46 68.62 69.59 65.38 70.14 69.95 69.24
MMVP 69.00 70.33 70.33 69.33 69.00 70.00 69.67 69.33 68.33 60.00 64.00 63.67 63.67 62.33 59.33 63.67 61.33 61.33
CV-B2D 67.87 69.82 68.96 70.06 67.67 68.87 68.68 67.97 68.40 64.39 65.58 65.42 64.26 62.17 60.36 62.38 61.20 62.10
SQA 86.51 89.09 86.11 88.78 88.17 87.09 86.62 86.65 87.45 81.61 83.30 83.29 82.15 82.90 80.47 82.40 82.60 82.30
MathV 52.20 55.60 52.16 55.82 54.32 52.38 51.98 54.26 54.16 45.40 48.90 46.20 45.90 47.70 46.10 46.90 47.10 46.80
Hallu 56.05 58.04 58.29 58.33 56.27 57.72 56.89 57.45 56.61 53.42 55.95 55.95 55.10 51.00 54.26 54.00 54.89 55.63
POPE 90.90 91.23 91.24 90.73 90.51 90.55 90.58 90.49 90.57 90.50 90.30 90.93 90.10 90.43 89.43 89.26 90.00 89.27

Average 55.72 57.87 57.20 57.49 56.38 56.63 56.32 56.36 56.69 50.58 53.24 52.75 52.21 51.99 50.42 51.93 52.08 51.61

Table 8. Ablation study on EMA teacher strategies.

Method SigLIP 2 CLIP

Baseline LaVer Baseline LaVer

EMA Stra. - Con. Cos. Cos. Cos. Cos. Cos. Cos. Cos. Cos. Cos. - Con. Cos. Cos. Cos. Cos. Cos. Cos. Cos. Cos. Cos.
EMA Frq. - 100 100 1 50 100 200 100 100 100 100 - 100 100 1 50 100 200 100 100 100 100
EMA Ratio - 0.95 0.95 0.95 0.95 0.95 0.95 0.9 0.95 0.99 0.999 - 0.95 0.95 0.95 0.95 0.95 0.95 0.9 0.95 0.99 0.999

GQA 55.03 55.63 56.78 53.65 55.22 56.78 57.19 56.44 56.78 55.90 56.07 51.51 51.72 54.77 50.91 51.39 54.77 55.03 54.09 54.77 54.00 53.97
MMBEN 73.97 77.39 75.60 70.44 73.70 75.60 73.43 75.21 75.60 75.12 75.70 68.64 70.99 69.93 65.54 70.56 69.93 70.58 71.19 69.93 71.22 69.57
SEEDI 67.57 67.82 68.62 64.39 69.43 68.62 69.49 69.57 68.62 69.16 69.36 64.36 66.71 65.20 61.54 64.43 65.20 65.96 63.81 65.20 66.75 66.92
MME 1510.73 1546.52 1512.50 1436.02 1574.55 1512.50 1521.53 1544.95 1512.50 1501.03 1507.67 1289.62 1393.95 1474.65 1361.29 1315.01 1474.65 1366.78 1328.63 1474.65 1462.85 1481.98
RWQA 53.86 55.56 59.35 55.31 53.34 59.35 56.42 55.90 59.35 56.46 55.91 54.25 55.10 56.47 53.34 54.79 56.47 54.43 56.01 56.47 56.70 55.35
MMMU 44.78 45.48 46.33 43.21 45.85 46.33 45.18 44.81 46.33 44.69 44.57 44.56 44.96 44.56 42.33 44.24 44.56 45.43 45.86 44.56 44.89 45.02
MM∗ 49.06 50.49 52.01 49.32 48.84 52.01 50.35 49.36 52.01 51.74 51.93 43.17 44.80 45.45 42.18 45.17 45.45 43.57 45.79 45.45 46.23 46.50
OCRB 536 651 639 537 633 639 637 577 639 649 565 306 351 365 298 355 365 357 365 365 337 362
TVQA 62.06 65.79 63.93 59.38 62.33 63.93 65.27 62.29 63.93 63.97 65.08 43.86 45.39 49.93 46.66 47.42 49.93 45.40 46.76 49.93 46.04 48.64
CQA 43.52 47.00 50.24 44.98 45.54 50.24 49.01 47.87 50.24 49.66 47.48 27.36 40.53 39.36 30.08 36.81 39.36 33.66 37.27 39.36 37.22 40.24
AI2D 73.74 75.68 75.55 70.87 75.36 75.55 75.76 74.53 75.55 75.01 73.38 66.00 65.59 70.40 63.35 65.96 70.40 67.99 68.59 70.40 69.86 69.72
MMVP 69.00 72.67 70.33 66.00 71.00 70.33 72.00 71.33 70.33 72.33 70.67 60.00 62.00 64.00 59.67 64.67 64.00 63.00 62.33 64.00 62.00 63.33
CV-B2D 67.87 69.08 69.82 66.10 70.44 69.82 70.05 67.29 69.82 69.30 69.58 64.39 67.42 65.58 61.70 65.54 65.58 67.09 65.45 65.58 67.52 66.21
SQA 86.51 89.59 89.09 82.90 88.33 89.09 87.24 90.41 89.09 86.34 86.86 81.61 85.17 83.30 77.91 84.23 83.30 85.23 82.95 83.30 82.39 82.25
MathV 52.20 55.73 55.60 52.46 55.06 55.60 54.23 53.39 55.60 55.68 52.74 45.40 50.01 48.90 45.75 49.20 48.90 47.51 46.63 48.90 47.86 48.47
Hallu 56.05 56.72 58.04 54.29 57.15 58.04 56.55 59.46 58.04 59.13 56.13 53.42 57.28 55.95 52.25 55.32 55.95 56.37 53.10 55.95 54.98 56.32
POPE 90.90 90.44 91.23 86.37 90.21 91.23 91.64 91.61 91.23 90.07 91.97 90.50 90.96 90.30 85.97 91.77 90.30 92.56 90.03 90.30 91.09 91.68

Average 55.72 57.43 57.87 54.17 56.65 57.87 57.36 57.10 57.87 57.40 56.98 50.58 52.92 53.24 49.41 52.49 53.24 52.63 52.40 53.24 52.92 53.25

dating strategies, we demonstrate LaVer’s robustness to hy-
perparameter variations. Our findings indicate that a small
masking ratio with cosine scheduling is sufficient for ef-
fective learning. For EMA updates, we find that the strat-
egy is insensitive to the update schedule as long as the up-
date frequency is not excessively high; overly frequent up-
dates can cause the model to exploit the MIM loss by in-
advertently propagating visual feature inconsistencies into
the teacher model. For the vision head architecture, we em-
ploy a lightweight 3-layer MLP with 8192 hidden dimen-
sions, parallel to the language head. This design introduces
only a negligible number of additional trainable parame-
ters. Following the established practice in [60], we set the
teacher temperature τtea. = 0.04 and student temperature
τstu. = 0.1, which ensures stable convergence throughout
training. For fair comparison with ROSS [51], we adopt
their 2-stage training protocol with identical configurations
as specified in [51]. All experiments are conducted on 16
NVIDIA A100 GPUs with 80GB memory each.

Datasets. Our training pipeline employs off-the-shelf
datasets across three stages. For Stage 1, we adopt
the LLaVA-558K dataset [31] for vision-language align-

ment. For Stage 2, we randomly sample 800K image-
text pairs from FineVision 23M [52], maintaining the orig-
inal dataset’s proportions to preserve its diverse visual
knowledge sources. Due to computational constraints, we
do not utilize the complete dataset; however, we validate
LaVer’s data scaling properties by sampling up to 4M pairs
from FineVision. For Stage 3, we randomly sample 800K
instruction-tuning pairs from LLaVA-OneVision 4M [28],
again preserving the original proportions. While potential
overlap may exist between Stage 2 and Stage 3 data, we re-
tain all samples as this configuration has proven empirically
effective. For fair comparison with ROSS [51], we adopt
their 2-stage protocol using LLaVA-558K [31] for Stage 1
and Cambrian-737K [47] for Stage 2.

Vision encoders. We evaluate LaVer across diverse
vision encoders to demonstrate its broad applicability.
SigLIP 2 [49] employs pairwise sigmoid loss instead of
softmax for enhanced image-text alignment and multilin-
gual capabilities. For our main experiments, we adopt
SigLIP 2-ViT-SO400M/14@384, which encodes 384×384
images into 729 vision tokens. For comparison with
ROSS [51], we use SigLIP-ViT-SO400M/14@384 [55] to



Table 9. Ablation study on spatial awareness.

Gξ LaVer Mixed Attn. 2D-RoPE GQA MMBEN SEEDI MME RWQA MMMU MM∗ OCRB TVQA CQA AI2D MMVP CV-B2D SQA MathV Hallu POPE Avg.

SigLIP 2

✗ ✗ ✗ 55.03 73.97 67.57 1510.73 53.86 44.78 49.06 536 62.06 43.52 73.74 69.00 67.87 86.51 52.20 56.05 90.90 55.72
✗ ✓ ✗ 54.33 74.98 68.31 1505.55 55.17 45.32 49.54 641 61.40 45.38 75.94 71.00 70.62 88.62 56.05 55.83 91.57 56.78
✗ ✗ ✓ 54.87 73.69 68.45 1509.39 52.90 43.99 48.89 541 61.72 43.98 73.97 68.33 69.14 86.41 51.46 56.17 89.56 55.57
✗ ✓ ✓ 54.07 74.02 66.82 1481.78 58.01 44.73 51.11 605 62.13 46.71 76.18 69.00 66.81 87.81 53.20 57.30 90.20 56.43
✓ ✓ ✓ 56.78 75.60 68.62 1512.50 59.35 46.33 52.01 639 63.93 50.24 75.55 70.33 69.82 89.09 55.60 58.04 91.23 57.87

CLIP

✗ ✗ ✗ 51.51 68.64 64.36 1289.62 54.25 44.56 43.17 306 43.86 27.36 66.00 60.00 64.39 81.61 45.40 53.42 90.50 50.58
✗ ✓ ✗ 51.71 69.00 63.84 1335.01 53.71 41.72 44.14 310 48.69 34.99 69.93 62.00 63.38 80.77 45.82 53.36 89.82 51.40
✗ ✗ ✓ 51.54 68.98 64.98 1302.20 54.04 42.02 42.96 310 44.33 27.44 65.37 61.67 64.69 82.33 45.37 53.46 90.05 50.59
✗ ✓ ✓ 52.76 69.99 65.15 1327.62 53.59 42.89 44.78 313 48.77 35.76 69.75 63.00 64.46 82.20 45.50 53.73 90.66 51.99
✓ ✓ ✓ 54.77 69.93 65.20 1474.65 56.47 44.56 45.45 365 49.93 39.36 70.40 64.00 65.58 83.30 48.90 55.95 90.30 53.24

Table 10. Ablation study on loss functions.

Gξ +LMIM +LGA +LCGA GQA MMBEN SEEDI MME RWQA MMMU MM∗ OCRB TVQA CQA AI2D MMVP CV-B2D SQA MathV Hallu POPE Avg.

SigLIP 2

✗ ✗ ✗ 55.03 73.97 67.57 1510.73 53.86 44.78 49.06 536 62.06 43.52 73.74 69.00 67.87 86.51 52.20 56.05 90.90 55.72
✓ ✗ ✗ 55.02 71.97 64.59 1500.80 51.38 44.35 47.41 512 60.40 42.20 70.35 66.00 64.22 82.57 52.72 54.11 85.53 53.76
✓ ✓ ✗ 54.65 73.56 65.84 1456.21 58.97 45.21 52.09 617 63.07 49.07 72.26 67.67 68.94 85.93 55.89 55.91 89.49 56.46
✓ ✗ ✓ 56.78 75.60 68.62 1512.50 59.35 46.33 52.01 639 63.93 50.24 75.55 70.33 69.82 89.09 55.60 58.04 91.23 57.87

CLIP

✗ ✗ ✗ 51.51 68.64 64.36 1289.62 54.25 44.56 43.17 306 43.86 27.36 66.00 60.00 64.39 81.61 45.40 53.42 90.50 50.58
✓ ✗ ✗ 48.48 66.08 63.93 1222.30 52.14 42.42 43.24 290 43.89 26.52 64.28 60.67 61.27 83.16 45.04 54.44 88.77 49.71
✓ ✓ ✗ 54.72 68.16 63.26 1431.67 53.80 43.78 44.78 359 49.14 37.83 70.67 64.67 65.68 79.36 46.46 53.91 86.98 52.01
✓ ✗ ✓ 54.77 69.93 65.20 1474.65 56.47 44.56 45.45 365 49.93 39.36 70.40 64.00 65.58 83.30 48.90 55.95 90.30 53.24

ensure fair evaluation. CLIP [42] is trained with contrastive
loss for vision-language alignment. We adopt CLIP-ViT-
L/14@336, which processes 336× 336 images into 576 vi-
sion tokens. DINOv2 [43] leverages self-contrastive and
self-distillation learning for visual feature extraction. We
use DINOv2-Large/14@224, encoding 224 × 224 images
into 384 vision tokens. AIMv2 [15] is a native-resolution
encoder trained via autoregressive pixel-wise prediction
with an auxiliary LLM backbone. We adopt AIMv2-
Large/14, which patchifies images into 14 × 14 patches,
with images resized to a maximum of 224 × 224 pixels.
Qwen-ViT [3] serves as the native-resolution vision en-
coder in Qwen2.5-VL with patch size 14. We utilize the
encoder from Qwen2.5-VL-7B-Instruct and set the maxi-
mum resolution to 512 × 512 pixels. Encoder-free archi-
tecture. To validate LaVer’s generalizability beyond tradi-
tional vision encoders, we adopt an encoder-free architec-
ture [11, 13, 25]. We employ a 3-layer MLP with 3584
intermediate hidden dimensions to project images into vi-
sual tokens with patch size 16, supporting up to 512 × 512
pixels. During Stage 1, only the MLP is trained; in Stages
2 and 3, both the MLP projector and LLM backbone are
jointly optimized.

Packed visual sequence. To improve training efficiency
while maintaining independent visual reconstruction with-
out interfering with multimodal sequence modeling, we
pack vision tokens from multiple images into a single se-
quence, excluding their corresponding text tokens. Specif-
ically, we construct diagonally blocked bidirectional atten-
tion and concatenated 2D-RoPE for the packed visual se-
quences. Across all vision encoders, we pack vision tokens
from 2 images into a single sequence of length 2048 with
padding tokens, yielding two separate visual sequences per
local batch on each GPU with batch size 4. The attention

and positional embedding mechanisms for packed visual se-
quences are illustrated in Fig. 4.

Evaluation. We conduct comprehensive evaluation us-
ing the VLMEvalKit [14] toolbox. Our evaluation suite en-
compasses a diverse set of benchmarks: GQA [19] for com-
positional visual reasoning, MMBench (MMBEN) [32] for
comprehensive multimodal understanding, SEED-Image
(SEEDI) [27] for generative comprehension, MME [16]
for perception and cognition evaluation, RealWorldQA
(RWQA) [12] for real-world visual question answering,
MMMU [54] for massive multi-discipline understanding,
MMStar (MM∗) [8] for challenging multi-modal reason-
ing, OCR-Bench (OCRB) [33] for text recognition ca-
pabilities, TextVQA (TVQA) [44] for reading text in
images, ChartQA (CQA) [37] for chart understanding,
AI2D [22] for diagram comprehension, CV-Bench-2D (CV-
B2D) [47] for vision-centric capabilities, MMVP [48] for
visual perception, ScienceQA (SQA) [35] for science ques-
tion answering with explanations, MathVista (MathV) [36]
for mathematical reasoning in visual contexts, Halluci-
nationBench (Hallu) [17] for hallucination detection, and
POPE [29] for object hallucination evaluation. We employ
the default system prompt and instruction template for each
benchmark to ensure fair comparison. For averaged results,
we compute the mean value across all benchmarks, with
MME and OCR-Bench normalized to the range [0.0, 1.0] to
maintain consistent scaling.

For ReasonSeg [24] evaluation, we adopt the fine-tuning
protocol established in [46]. Specifically, we initialize mod-
els using checkpoints from stage 2 for both the baseline
and LaVer configurations. Following [46], we fine-tune
the models to acquire sophisticated segmentation reasoning
capabilities using a comprehensive dataset mixture com-
prising semantic segmentation datasets (COCOStuff [4],



Table 11. Language performance comparison.

Benchmark SigLIP 2 CLIP

Baseline LaVer ∆Baseline Baseline LaVer ∆Baseline

IFEval 70.34 70.77 ↑0.43 68.96 68.24 ↓0.72
MMLU 56.52 57.48 ↑0.96 58.34 58.67 ↑0.33
BBH 33.25 32.96 ↓0.29 34.78 34.93 ↑0.15

Average 53.37 53.74 ↑0.37 54.03 53.95 ↓0.08

Mapillary [38], ADE20K [59], nuScenes [5]), referring
segmentation datasets (RefCOCO [5], RefCOCO+ [5],
RefCOCOg [5]), and the general VQA dataset LLaVA-
665K [30], totaling approximately 4M samples. The de-
tailed training configuration is presented in Table 3, with
hyperparameters primarily adopted from [46].

Computational overhead analysis. The implementa-
tion of LaVer introduces additional computational over-
head, primarily stemming from the forward passes required
for both student and teacher models to process image to-
kens, as well as the EMA updates for the teacher model pa-
rameters. As detailed in Table 4, we conduct a comprehen-
sive computational cost analysis focusing on stage 2, where
LaVer is applied (stages 1 and 3 remain identical to the base-
line). Across different vision encoders, LaVer incurs train-
ing time increases of 13-16% and memory consumption in-
creases of 14-26% compared to the baseline. Specifically,
with SigLIP 2 [49], training time increases from 8h 27min
to 9h 34min, while memory consumption rises from 55.24
GB to 69.82 GB per GPU (averaged across 16 GPUs). Sim-
ilar patterns are observed with CLIP [42] and DINOv2 [39]
vision encoders. Despite these additional costs, the sub-
stantial performance improvements demonstrated across di-
verse benchmarks and architectural configurations justify
this computational overhead, establishing LaVer as a prac-
tical and effective approach for enhancing MLLMs.

E. Visualization details
we provide the details about how the figures are generated
in the paper.

Fig. 1. We present a comprehensive performance com-
parison between LaVer and the baseline across 17 bench-
marks, utilizing SigLIP 2 [49] as the vision encoder and
Qwen2.5-7B-Instruct [41] as the LLM backbone.

Fig. 2. (a) We randomly select an image from
MMVP [48] and perform forward passes through both the
baseline and LaVer models, extracting hidden states at dif-
ferent layers. Using SigLIP 2 [49] as the vision encoder
and Qwen2.5-7B-Instruct [41] as the LLM backbone, we
normalize the hidden states and compute feature-wise co-
sine similarity. The visualization reveals that vision tokens
exhibit substantially higher inter-feature cosine similarity
in the last layer compared to middle layers, demonstrat-
ing progressive visual representation homogenization. (b-
c) We extract the last-layer hidden states from both base-

line and LaVer models and apply t-SNE [50] to project the
high-dimensional features into 2D space. The scattered fea-
tures are color-coded to distinguish vision and text tokens.
Compared to the baseline, LaVer’s visual features exhibit
stronger interaction with textual features, indicating more
effective learning of joint multimodal embeddings. (d) We
process images from MMVP [48] through both models and
extract hidden states of vision tokens across all layers, com-
puting the averaged cosine similarity between normalized
features. For the baseline, the averaged visual cosine sim-
ilarity decreases mildly in early and middle layers but in-
creases drastically in deeper layers, indicating rapid visual
information loss in the final stages. In contrast, LaVer main-
tains a consistent decreasing trend throughout all layers,
preserving visual discriminability. (e) We analyze the pro-
portion of attention allocated to vision tokens across lay-
ers, following [9, 25]. Specifically, using images and cor-
responding queries from MMVP [48], we compute the pro-
portion of attention scores allocated to previous vision to-
kens for each predicted token. These layer-wise propor-
tions are averaged across all predictions to reveal the over-
all trend. The comparison demonstrates that LaVer enables
the model to allocate significantly more attention to vision
tokens, indicating more effective utilization of visual repre-
sentations.

Fig. 4. (a) We extract the hidden states of vision to-
kens from the last layer and reshape them to recover their
spatial structure. Applying PCA [1] for dimensionality re-
duction to 3 components, we normalize the features to the
range [0, 255] and visualize them as a 3-channel RGB im-
age. The visualization demonstrates that LaVer generates
highly discriminative visual features while preserving clear
spatial structural information. All experiments use images
from MMVP [48], SigLIP 2 [49] as the vision encoder, and
Qwen2.5-7B-Instruct [41] as the LLM backbone. (b) We
analyze the training dynamics of the baseline and models
trained with different loss configurations. Specifically, us-
ing images from MMVP [48], we compute the averaged
normalized cosine similarity of last-layer visual features
at 1K iteration intervals. While naive application of MIM
leads to visual feature inconsistency, LaVer effectively pre-
vents the MIM shortcut, guiding the model toward more dis-
criminative visual representations throughout training.

Fig. 6. We visualize the attention scores of the last pre-
dicted token on images from MMVP [48], alongside the
corresponding PCA visualization of last-layer visual fea-
tures. The results demonstrate that LaVer enhances the
model’s ability to focus on spatially relevant regions that
correspond to the generated text tokens, indicating im-
proved visual-textual alignment.



Table 12. Performance comparison with different LLM backbone. LaVer achieves superior performance on Vicuna-7B-v1.5 [57],
demonstrating its effectiveness and generalizability across diverse architectural configurations.

Benchmark SigLIP 2 CLIP DINOv2

Baseline LaVer ∆Baseline Baseline LaVer ∆Baseline Baseline LaVer ∆Baseline

GQA 50.00 53.52 ↑3.52 51.01 54.02 ↑3.01 49.75 51.76 ↑2.01
MMBEN 67.83 68.55 ↑0.72 66.50 65.13 ↓1.37 53.69 55.29 ↑1.60
SEEDI 66.33 67.29 ↑0.96 64.58 65.36 ↑0.78 60.09 63.77 ↑3.68
MME 1426.52 1441.46 ↑14.94 1292.78 1317.35 ↑24.57 1232.67 1248.07 ↑15.40
RWQA 55.42 58.43 ↑3.01 53.86 55.56 ↑1.70 45.75 48.55 ↑2.80
MMMU 40.89 42.11 ↑1.22 41.00 44.33 ↑3.33 40.33 41.33 ↑1.00
MM∗ 51.74 53.28 ↑1.54 44.85 45.38 ↑0.53 40.82 44.24 ↑3.42
OCRB 389 401 ↑12 311 352 ↑41 306 349 ↑43
TVQA 65.07 67.36 ↑2.29 52.39 52.60 ↑0.21 40.66 42.25 ↑1.59
CQA 62.48 64.80 ↑2.32 37.84 44.56 ↑6.72 28.44 29.04 ↑0.60
AI2D 70.84 72.68 ↑1.84 67.97 69.09 ↑1.12 61.14 63.09 ↑1.95
MMVP 47.67 49.00 ↑1.33 41.00 44.67 ↑3.67 44.33 46.67 ↑2.34
CV-B2D 54.19 56.55 ↑2.36 42.94 44.45 ↑1.51 41.47 45.49 ↑4.02
SQA 73.89 75.08 ↑1.19 70.79 70.37 ↓0.42 62.93 65.33 ↑2.40
MathV 54.20 56.80 ↑2.60 43.90 46.40 ↑2.50 40.80 43.30 ↑2.50
Hallu 66.89 67.83 ↑0.94 67.52 70.25 ↑2.73 60.26 69.74 ↑9.48
POPE 87.07 88.07 ↑1.00 90.13 90.73 ↑0.60 86.90 87.67 ↑0.77

Average 53.85 55.43 ↑1.58 49.24 50.81 ↑1.57 44.60 46.96 ↑2.37

Table 13. Performance comparison of stage 2. LaVer achieves superior performance on stage 2, indicating a direct effect of LaVer on
visual representation enhancement.

Benchmark SigLIP 2 CLIP DINOv2

Baseline LaVer ∆Baseline Baseline LaVer ∆Baseline Baseline LaVer ∆Baseline

GQA 52.03 53.77 ↑1.74 50.25 53.28 ↑3.03 48.01 51.26 ↑3.25
MMBEN 70.51 73.52 ↑3.01 67.04 67.53 ↑0.49 57.82 60.77 ↑2.95
SEEDI 65.63 66.92 ↑1.29 58.94 64.55 ↑5.61 60.74 61.91 ↑1.17
MME 1387.81 1434.21 ↑46.40 1215.99 1313.32 ↑97.33 1169.80 1224.12 ↑54.32
RWQA 52.43 58.74 ↑6.31 52.38 54.76 ↑2.38 48.42 52.29 ↑3.87
MMMU 42.67 44.67 ↑2.00 42.44 42.89 ↑0.45 40.22 41.67 ↑1.45
MM∗ 45.11 51.41 ↑6.30 41.63 44.25 ↑2.62 39.43 41.10 ↑1.67
OCRB 304 407 ↑103 288 306 ↑18 247 258 ↑11
TVQA 54.94 59.99 ↑5.05 60.92 62.35 ↑1.43 52.44 54.97 ↑2.53
CQA 51.60 54.16 ↑2.56 40.40 46.80 ↑6.40 40.40 41.20 ↑0.80
AI2D 70.37 74.94 ↑4.57 69.56 70.65 ↑1.09 71.14 72.47 ↑1.33
MMVP 38.33 43.67 ↑5.34 26.00 37.00 ↑11.00 26.67 28.00 ↑1.33
CV-B2D 44.46 49.35 ↑4.89 40.19 45.79 ↑5.60 40.68 42.61 ↑1.93
SQA 70.09 73.73 ↑3.64 65.49 69.12 ↑3.63 64.57 64.60 ↑0.03
MathV 49.10 55.60 ↑6.50 50.90 53.90 ↑3.00 42.10 43.20 ↑1.10
Hallu 56.15 59.62 ↑3.47 56.38 58.31 ↑1.93 55.10 57.05 ↑1.95
POPE 85.90 85.67 ↓0.23 89.77 90.83 ↑1.06 88.13 88.87 ↑0.74

Average 50.01 53.34 ↑3.33 47.83 50.76 ↑2.93 45.68 47.22 ↑1.54

F. Additional Experiment Results

Full results of the parameter scaling property of LaVer.
Table 5 presents a comprehensive evaluation of LaVer’s
scalability across different model parameter sizes, ranging
from Qwen2.5-1.5B-Instruct to Qwen2.5-7B-Instruct [41],
using both SigLIP 2 [49] and CLIP [42] vision encoders.
The results demonstrate that LaVer consistently delivers
performance improvements over the baseline across all pa-
rameter scales. For SigLIP 2-based models, LaVer achieves
average improvements of +2.42, +2.07, and +2.15 points
for 1.5B, 3B, and 7B parameter configurations, respec-
tively. Similarly, for CLIP-based models, LaVer yields
average gains of +3.12, +1.31, and +2.66 points across
the same parameter scales. Notably, LaVer exhibits par-
ticularly strong improvements on challenging benchmarks
such as OCR-Bench [33] (up to +103 points for SigLIP
2-7B) and MME [16] (up to +185.03 points for CLIP-

7B), ChartQA [37] (up to +12.00 points for CLIP-7B), and
MathVista [36] (up to +7.20 points for SigLIP 2-1.5B). The
consistent positive gains across 17 diverse benchmarks and
multiple parameter scales substantiate that LaVer possesses
robust scaling properties with respect to model parameters,
maintaining its effectiveness in mitigating visual represen-
tation homogenization regardless of model capacity.

Full results of the data scaling property of LaVer.
Table 6 presents a comprehensive analysis of LaVer’s
scalability across different training dataset sizes, ranging
from 800K to 4M samples, using both SigLIP 2 [49] and
CLIP [42] vision encoders with Qwen2.5-7B-Instruct [41]
as the language model. The results demonstrate that
LaVer consistently delivers substantial performance im-
provements over the baseline across all data scales. For
SigLIP 2-based models, LaVer achieves average improve-
ments of +2.15, +2.16, and +1.80 points for 800K, 2M,



Table 14. Compatibility of LaVer with enriched visual inputs. LaVer consistently improves performance when combined with methods
that enrich visual inputs, demonstrating its broad compatibility and effectiveness across diverse visual enhancement strategies.

Gξ GQA MMBEN SEEDI MME RWQA MMMU MM∗ OCRB TVQA CQA AI2D MMVP CV-B2D SQA MathV Hallu POPE Avg.

A-MoF 51.52 70.83 62.53 1312.14 54.77 41.11 41.53 338 59.46 41.04 73.45 41.67 61.34 67.31 51.20 62.47 89.13 51.19
A-MoF + LaVer 52.26 72.02 65.66 1321.51 56.34 43.22 43.87 360 61.68 42.52 78.38 44.67 62.66 68.51 54.40 62.89 89.57 52.92

and 4M training samples, respectively. Similarly, for CLIP-
based models, LaVer yields progressively increasing av-
erage gains of +2.66, +3.04, and +3.77 points across the
same data scales, indicating enhanced effectiveness with
larger training datasets. Notably, LaVer exhibits particu-
larly strong improvements on challenging benchmarks such
as TextVQA [44] (up to +8.61 points for CLIP-2M). The
consistent positive gains across 17 diverse benchmarks and
multiple data scales substantiate that LaVer possesses robust
scaling properties with respect to training data size, main-
taining its effectiveness in mitigating visual representation
homogenization regardless of dataset scale. Furthermore,
the observation that CLIP-based models show increasing
improvements with larger datasets (from +2.66 to +3.77)
suggests that LaVer’s benefits become more pronounced
when trained on more extensive data, highlighting its po-
tential for further performance gains with additional train-
ing data.

Full results of the ablation study on masking strate-
gies. Table 7 presents a comprehensive analysis of LaVer’s
performance under different masking strategies, examining
both cosine and constant scheduling approaches across var-
ious masking ratios. The results are evaluated on 17 di-
verse benchmarks using SigLIP 2 [49] and CLIP [42] vi-
sion encoders with Qwen2.5-7B-Instruct [41] as the lan-
guage model. For SigLIP 2-based models, the cosine
scheduling strategy with a masking ratio of 0.05 achieves
the best average performance of 57.87, representing a sub-
stantial improvement of +2.15 points over the baseline
(55.72). This configuration demonstrates consistent gains
across most benchmarks. Comparing scheduling strategies,
cosine scheduling generally outperforms constant schedul-
ing across different masking ratios. For instance, at a ra-
tio of 0.05, cosine scheduling achieves 57.87 compared to
constant scheduling’s 56.32, demonstrating the effective-
ness of gradually varying masking intensity during train-
ing. Regarding masking ratio selection, lower ratios (0.05-
0.1) consistently yield superior performance compared to
higher ratios (0.2-0.3) under cosine scheduling, suggest-
ing that moderate masking preserves sufficient visual infor-
mation while effectively mitigating representation homog-
enization. For CLIP-based models, similar trends emerge
with cosine scheduling at 0.05 ratio achieving the best av-
erage performance of 53.24, representing a +2.66 point
improvement over the baseline. The results demonstrate
LaVer’s robustness across different masking configurations,

with the cosine scheduling strategy at lower masking ratios
consistently delivering optimal performance across both vi-
sion encoders and diverse evaluation benchmarks. We hy-
pothesize that the inferior performance observed with high
masking ratios stems from insufficient convergence, as con-
ventional MIM-based methods typically require large-scale
training to fully develop the model’s reconstruction capa-
bilities [7, 39, 43]. Scaling to larger datasets remains an
avenue for future investigation.

Full results of the ablation study on EMA updat-
ing strategies. Table 8 presents a comprehensive analy-
sis of LaVer’s performance under different EMA teacher
updating strategies, evaluated across diverse benchmarks
using SigLIP 2 [49] and CLIP [42] vision encoders with
Qwen2.5-7B-Instruct [41] as the LLM backbone. The re-
sults demonstrate LaVer’s robustness across various EMA
configurations, with cosine scheduling slightly outperform-
ing constant scheduling. Regarding updating frequency,
moderate frequencies (50-200 steps) generally yield opti-
mal performance, with 100 steps emerging as the most bal-
anced configuration across both vision encoders. For de-
cay rate selection, a rate of 0.95 demonstrates superior sta-
bility and performance compared to both lower (0.9) and
higher (0.99, 0.999) rates. The comprehensive evaluation
across diverse benchmarks confirms that LaVer’s perfor-
mance remains consistently strong regardless of the specific
EMA strategy employed, highlighting the method’s robust-
ness and effectiveness in learning intrinsic visual represen-
tation capabilities.

Full results of the ablation study on spatial aware-
ness. Table 9 presents a comprehensive analysis of LaVer’s
spatial awareness mechanisms, evaluated across diverse
benchmarks. The results reveal several key insights. First,
employing mixed attention alone (full attention for vision
tokens) yields moderate improvements over the baseline,
demonstrating that enhanced token interactions can ben-
efit visual understanding. Second, applying 2D-RoPE in
isolation shows minimal impact, with performance remain-
ing largely comparable to the baseline. Third, combin-
ing mixed attention with 2D-RoPE without LaVer produces
mixed results, with performance gains that are inconsistent
across benchmarks. Most importantly, the full LaVer frame-
work, which integrates all three components achieves the
best overall performance. This configuration demonstrates
consistent improvements across challenging benchmarks.
These results confirm that LaVer’s holistic approach to spa-



tial awareness, combining learned visual representations
with architectural enhancements, is essential for achieving
superior multimodal understanding capabilities.

Full results of the ablation study on loss components.
Table 10 provides a comprehensive analysis of different loss
function configurations in LaVer, evaluated across diverse
benchmarks. The results reveal three critical insights into
the design of effective visual representation learning objec-
tives. First, applying masked image modeling (LMIM) alone
significantly degrades performance, with average scores
dropping from 55.72 to 53.76 for SigLIP 2 and from 50.58
to 49.71 for CLIP. This deterioration stems from the vi-
sual feature inconsistency problem, where the model ex-
ploits the MIM objective by generating identical visual fea-
tures, thereby undermining the discriminative capacity es-
sential for downstream tasks. Second, incorporating the
global alignment loss (LGA) alongside LMIM partially mit-
igates this issue, improving average performance to 56.46
for SigLIP 2 and 52.01 for CLIP. However, this configura-
tion still underperforms the full LaVer framework, as the
symmetric nature of LGA constrains the model’s ability to
learn sufficiently discriminative representations. Third, our
proposed contrastive global alignment loss (LCGA) effec-
tively addresses both shortcomings, achieving the best over-
all performance with average scores of 57.87 for SigLIP 2
and 53.24 for CLIP. These results confirm that LCGA si-
multaneously prevents visual feature inconsistency while
encouraging discriminative feature learning, thereby en-
hancing both visual information preservation and utilization
across diverse multimodal understanding tasks.

Language capabilities. A potential concern when in-
troducing vision-centric supervisory signals is whether they
may compromise the model’s language capabilities. To ad-
dress this, we evaluate the language performance of both
the baseline and our LaVer model using SigLIP 2 [49] and
CLIP [42] as vision encoders, respectively, as shown in Ta-
ble 11. Specifically, we adopt three representative bench-
marks: IFEval [61], which evaluates the model’s capability
to strictly follow instructions; MMLU [18], a comprehen-
sive general language benchmark containing diverse tasks
across various domains; and BBH [45], which assesses lan-
guage reasoning and world knowledge capabilities. The
results demonstrate that LaVer maintains competitive lan-
guage performance across both vision encoder configura-
tions. These findings confirm that LaVer successfully pre-
serves language capabilities while simultaneously achiev-
ing substantial improvements in visual understanding tasks,
thereby validating the effectiveness of our approach in bal-
ancing multimodal learning objectives.

Extended comparison with different LLM backbone.
To validate the generalizability of LaVer across different ar-
chitectural configurations, we conduct comprehensive ex-
periments using Vicuna-7B-v1.5 [57] as the LLM back-

bone, paired with three vision encoders: SigLIP 2 [49],
CLIP [42], and DINOv2 [39]. As shown in Table 12, LaVer
consistently outperforms the baseline across all three vision
encoder configurations, achieving average improvements of
+1.58, +1.57, and +2.37 points for SigLIP 2, CLIP, and DI-
NOv2, respectively. Notably, LaVer demonstrates substan-
tial gains on benchmarks requiring fine-grained visual un-
derstanding, including ChartQA [37] (+2.32, +6.72, +0.60),
MMVP [48] (+1.33, +3.67, +2.34), and CV-Bench-2D [47]
(+2.36, +1.51, +4.02). These results confirm that LaVer
effectively preserves and enhances multimodal capabilities
across different LLM architectures, demonstrating its ro-
bustness and broad applicability in diverse scenarios.

Performance comparison of stage 2. Follow-
ing the state-of-the-art open-source framework LLaVA-
OneVision [2], we adopt a 3-stage training recipe and ex-
clusively apply LaVer to stage 2, which is responsible
for visual knowledge injection. To thoroughly investigate
how LaVer facilitates visual knowledge learning, we com-
pare models with and without LaVer during stage 2, using
three vision encoders: SigLIP 2 [49], CLIP [42], and DI-
NOv2 [39]. As presented in Table 13, LaVer consistently
demonstrates substantial improvements across all config-
urations, achieving average gains of +3.33, +2.93, and
+1.54 points for SigLIP 2, CLIP, and DINOv2, respec-
tively. Notably, LaVer exhibits particularly strong perfor-
mance on benchmarks requiring fine-grained visual under-
standing: MMVP [48] shows remarkable improvements of
+5.34, +11.00 across the three encoders. These results re-
veal that the performance gains observed in stage 2 are
even more pronounced than in the final stage, indicating
that LaVer fundamentally enhances the model’s capacity to
learn representative visual features during the critical visual
knowledge injection phase, thereby establishing a strong
foundation for superior multimodal performance across di-
verse downstream tasks.

Compatibility with other methods. LaVer introduces
vision-centric supervisory signals by predicting masked vi-
sion tokens, a design that naturally ensures compatibility
with methods that enrich visual inputs. To validate this
compatibility, we integrate LaVer with A-MoF [48], which
aggregates visual features from multiple vision encoders to
form more informative visual embeddings. Specifically, fol-
lowing [48], we combine visual features from CLIP-ViT-
L/14@224 [42] and DINOv2-Large/14@224 [39] with bal-
ance coefficients of 0.25, 0.75, which are empirically val-
idated as optimal hyperparameters in [48]. The identical
patch size and resolution ensure that visual features share
the same shape and can be directly aggregated. As pre-
sented in Table 14, LaVer consistently delivers substantial
improvements across all benchmarks when integrated with
A-MoF. Overall, LaVer achieves an average improvement
of +1.73 points across all benchmarks, demonstrating that
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Figure 5. Qualitative comparisons on MMVP [48].

it provides additional benefits when integrated with vision-
enhanced methods and confirming its broad compatibility
with diverse visual enhancement strategies.

G. Qualitative Analysis
We provide additional qualitative comparisons in Fig. 5 on
MMVP [48]. As illustrated in Fig. 5, we visualize both the
attention scores on vision tokens from the last predicted to-
ken and the PCA visualization of visual features extracted
from the final layer. The baseline model frequently fails
to attend to spatial regions that are semantically relevant
to the text query, exhibiting limited attention distributions
across the visual input. In contrast, our LaVer consistently

allocates substantially higher attention weights to the cor-
responding regions of interest, thereby enabling more accu-
rate and contextually appropriate responses. Furthermore,
LaVer demonstrates the ability to capture diverse visual pat-
terns and generate highly discriminative visual features that
encode rich structural information. These qualitative re-
sults provide compelling evidence that LaVer effectively
mitigates modality imbalance by incorporating visual su-
pervisory signals, enabling the model to integrate visual and
textual modalities seamlessly and achieve superior perfor-
mance on multimodal tasks.
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