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Abstract

As vision-language models (VLMs) tackle increasingly com-
plex and multimodal tasks, the rapid growth of Key-Value
(KV) cache imposes significant memory and computational
bottlenecks during inference. While Multi-Head Latent At-
tention (MLA) offers an effective means to compress the KV
cache and accelerate inference, adapting existing VLMs to the
MLA architecture without costly pretraining remains largely
unexplored. In this work, we present MHA2MLA-VLM, a
parameter-efficient and multimodal-aware framework for con-
verting off-the-shelf VLMs to MLA. Our approach features
two core techniques: (1) a modality-adaptive partial-RoPE
strategy that supports both traditional and multimodal settings
by selectively masking nonessential dimensions, and (2) a
modality-decoupled low-rank approximation method that in-
dependently compresses the visual and textual KV spaces.
Furthermore, we introduce parameter-efficient fine-tuning to
minimize adaptation cost and demonstrate that minimizing
output activation error, rather than parameter distance, sub-
stantially reduces performance loss. Extensive experiments
on three representative VLMs show that MHA2MLA-VLM
restores original model performance with minimal supervised
data, significantly reduces KV cache footprint, and integrates
seamlessly with KV quantization.

Code & Appendix —
https://github.com/JT-Ushio/MHA2MLA-VLM

1 Introduction
The Key-Value (KV) cache stores the complete contextual
information required by large language models (LLMs), en-
abling efficient and accurate decoding of the current token.
As the tasks handled by LLMs become increasingly complex
(e.g. multimodal tasks (Bordes et al. 2024) and deep think-
ing (Pan et al. 2025)), the context length correspondingly
increases. This results in a rapid expansion of the KV cache,
which not only occupies large GPU memory but also leads
to severe memory access bottlenecks due to the quadratic
complexity of the standard attention mechanism (Keles, Wi-
jewardena, and Hegde 2023). Consequently, efficient infer-
ence in LLMs, especially in vision-language models (VLMs)
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with multimodal contexts, urgently requires cost-effective
KV cache management and attention architectures.

A series of studies have identified redundancies in the KV
cache (Li et al. 2025). In terms of sequence length (Zhang
et al. 2023b; Oren et al. 2024), KV cache pruning removes
irrelevant tokens from the cache. Regarding representation
precision (Badri and Shaji 2023), KV cache quantization re-
duces the precision of vector representations. In the vector
dimension, modifications such as Grouped/Multi-Query At-
tention (GQA and MQA) restructure the attention mechanism
by enabling a single KV pair to be shared among a group of
queries (Ainslie et al. 2023a; Shazeer 2019).

DeepSeek introduced Multi-Head Latent Attention (MLA),
an advanced attention mechanism employing low-rank key-
value joint compression (DeepSeek-AI et al. 2024). Em-
pirical results show that MLA outperforms standard Multi-
Head Attention (MHA, 2017) and its variants, while signifi-
cantly reducing the KV cache size during inference, thereby
enhancing inference efficiency. Ji et al. (2025) proposed
MHA2MLA, demonstrating that LLMs originally trained
with MHA/GQA can be adapted to leverage MLA during
inference. However, whether VLMs can undergo a similar
transition to the MLA architecture remains an open question.

MHA2MLA involves two key steps: partial-rope conver-
sion and KV joint low-rank approximation. For partial-rope,
text-only LLMs have demonstrated that significantly reduc-
ing (e.g., -87.5%) less important rotary frequencies requires
only minimal fine-tuning to recover performance. In the case
of VLMs, it is necessary to verify whether the retained rotary
frequencies are equally effective for both image and text to-
kens. We address this question and further extend the method
to multimodal rope (e.g., used in Qwen2-VL series).

For KV joint low-rank approximation, inspired by
SVDLLM V2 (Wang et al. 2025a), we improve the approxi-
mation from being applied to parameters (min ||W −W ′||F ,
where W ′ is the low-rank approximation) to output activa-
tions (min ||XW−XW ′||F ). This enhancement significantly
reduces performance degradation and the amount of fine-
tuning data required. Moreover, we observe that the low-rank
spaces of image and text tokens are orthogonal, necessitating
separate low-rank approximations for each modality.

To reduce the cost of MHA2MLA-VLM adaptation, we
introduce parameter-efficient fine-tuning (PEFT, 2023). Dur-
ing the partial-rope phase, only the two projection matrices
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Figure 1: The overview process of converting VLMs from MHA/GQA to MLA using MHA2MLA-VLM. Our method makes the
attention inputs match MLA exactly, and low rank compression of the KV cache is consistent with MLA. The modality-decoupled
design reduces truncation loss and maximizes the parameter reuse of pretrained weights.

for query and key are fine-tuned, while all other parameters
are frozen. For the low-rank approximation phase, only the
parameters within MLA are fine-tuned. It reduces the time
required by 59% (e.g., the MHA2MLA-VLM of Qwen2.5-
VL is shortened from 22 hours to 9 hours). We validate the
effectiveness of MHA2MLA-VLM on three representative
models: LLaVA-1.5 (2024a), LLaVA-NeXT (2024b), and
Qwen2.5-VL (2025). Furthermore, using LLaVA-NeXT, we
demonstrate that MLA outperforms the KV cache pruning
baseline and integrates seamlessly with KV quantization.

Our main contributions are:
• We successfully extend the MHA2MLA adaptation from

text-only LLMs to VLMs, designing multimodal partial-
rope and low-rank approximation algorithms.

• By incorporating SVDLLM V2’s minimization of output
activation error and introducing PEFT, we significantly
reduce the performance degradation and fine-tuning cost.

• We demonstrate the effectiveness of MHA2MLA-VLM in
three main VLMs with distinct architectures and demon-
strate that it integrates seamlessly with KV quantization.

2 MHA2MLA-VLM
Figure 1 provides an overview of MHA2MLA-VLM, we
will describe the details of the two main components of
MHA2MLA-VLM: (1) a modality-adaptive partial-RoPE
strategy that supports both traditional and multimodal set-
tings by selectively masking nonessential dimensions, and (2)
a modality-decoupled low-rank approximation method that
independently compresses the visual and textual KV spaces.

2.1 Multimodal Partial-RoPE
To enable efficient migration of MHA/GQA-based VLMs
to MLA, we introduce Multimodal Adaptive Partial-RoPE,
which adaptively retains the most informative rotary dimen-
sions according to the nature of the input from different
modalities, achieving efficient architecture migration.

Current research on partial-RoPE has been limited to uni-
modal settings. For example, studies such as (Black et al.
2021; Barbero et al. 2025) trained partial-RoPE models from
scratch, achieving slightly better perplexity compared to full-
RoPE. More recent work (Ji et al. 2025) has explored adapt-
ing pre-trained full-RoPE models to partial-RoPE without
costly retraining. However, their analyzes are strictly limited
to LLM. In multimodal scenarios, for the input, visual and
textual information is interleaved; For the VLMs’ forward cal-
culation, visual and text information are jointly entangled in
the RoPE dimension. Simply applying the text-based partial
RoPE strategy leads to suboptimal allocation of the retention
frequency subspace, as visual and textual information exhibit
distinct dimensional characteristics are ignored. To overcome
these limitations, retain the most informative rotation dimen-
sion based on modality-awareness, thereby enabling low-cost
and efficient architectural transfer from MHA/GQA to MLA.

Full Vanilla RoPE is a mechanism (Su et al. 2024) for en-
coding positional information into queries and keys through
frequency-specific rotations. Formally, given a query qi ∈
Rdh and a key ki ∈ Rdh , we split them into 2D chunks:

qi,ki =
[
q
[2k,2k+1]
i

]
0≤k<

dh
2

,
[
k
[2k,2k+1]
i

]
0≤k<

dh
2

.

Formally, for each 2D chunk q
[2k,2k+1]
i and k

[2k,2k+1]
i , the

rotation matrix at position i is defined as:

R
[2k,2k+1]
i (θk) =

[
cos(iθk) − sin(iθk)
sin(iθk) cos(iθk)

]
,

where θk = β−2k/dh is the frequency of rotation applied to
a specific k-th pair of Gd ∈ [0, dh

2 ), and β is the frequency
base wavelength. The vanilla RoPE defines a matrix Ati,tj
that represents the relative positional encoding between two
positions ti and tj in a 1D sequence:
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Ati,tj = (qtiRti)
(
ktjRtj

)⊤
= qtiR∆tk

⊤
tj ,

where ∆t = ti − tj , qti and ktj are query and key vectors
at positions ti and tj , the relative rotation matrix is R∆t.

Full Multimodal RoPE There are two common ap-
proaches to extending RoPE to multimodal LLMs. One ap-
proach directly applies standard RoPE by flattening the visual
tokens and treating both text and visual tokens as a single
1D sequence (Liu et al. 2024a; Zhu et al. 2025; Bai et al.
2023). The other considers the unique characteristics of each
modality and extends RoPE to multimodal scenarios, such as
M-RoPE (Wang et al. 2024; Bai et al. 2025; Wei et al. 2025).

Unlike the vanilla 1D-RoPE in LLMs, which is limited to
encoding one-dimensional positional information, M-RoPE
effectively models the positional information of multimodal
inputs. This is achieved by deconstructing the original rotary
embedding into three orthogonal components: temporal (t),
height (h), and width (w). For text, these components utilize
identical position IDs, making M-RoPE functionally equiva-
lent to standard 1D-RoPE. For images, the temporal of each
visual index is held constant, while height and width IDs
are assigned distinctly based on the token’s position in the
image. For videos, treated as frame sequences, the temporal
ID increases with each frame, while the height and width IDs
follow the same assignment pattern as for images.

Formally, given a query vector qi ∈ Rdh and key vector
ki ∈ Rdh , we partition them into per-modality components:

qi =
[
q
[t]
i ; q

[h]
i ; q

[w]
i

]
,ki =

[
k
[t]
i ; k

[h]
i ; k

[w]
i

]
For each components, the embeddings are rotated sepa-

rately by using its corresponding 2D rotary position encoding:
Gt ∈ [0, dh

8 ), Gh ∈ [dh

8 , 5dh

16 ), Gw ∈ [ 5dh

16 , dh

2 ). The query
embeddings after applying M-RoPE are computed as follows:

q
[t]
i,rope =

[
R[2k,2k+1]

pt
(θk)q

[2k,2k+1]
i

]
k∈Kt

,

q
[h]
i,rope =

[
R[2k,2k+1]

ph
(θk)q

[2k,2k+1]
i

]
k∈Kh

,

q
[w]
i,rope =

[
R[2k,2k+1]

pw
(θk)q

[2k,2k+1]
i

]
k∈Kw

.

Thus, applying M-RoPE to both queries and keys becomes:

qi,rope =
[
q
[t]
i,rope; q

[h]
i,rope; q

[w]
i,rope

]
∈ Rdh ,

ki,rope =
[
k
[t]
i,rope; k

[h]
i,rope; k

[w]
i,rope

]
∈ Rdh .

Let qi,ki ∈ Rdh be the query and key vectors at position i.
The corresponding relative matrix A is computed as:

A(ti,hi,wi),(tj ,hj ,wj) = q(ti,hi,wi)R∆t,∆h,∆wk
⊤
(tj ,hj ,wj)

,

where ∆t = ti − tj , ∆h = hi − hj , and ∆w = wi − wj .

Multimodal Adaptive Partial-RoPE Strategies Given r
retained rotational subspaces (r = dr

2 ≪ total subspaces dh

2 ),
the aim is to select which r subspaces preserve RoPE/M-
RoPE encoding.

Recent research (Ji et al. 2025) has systematically com-
pared four heuristic partial RoPE methods: High-Frequency
Preservation, Low-Frequency Preservation, Uniform Sam-
pling, and Head-wise 2-norm contribution. Experiments
showed that the head-wise 2-norm contribution performs
better. Specifically, for each head h, Head-wise 2-norm con-
tribution computes the mean 2-norm score for each subspace
in an LLM over long sequences. Then rank all subspaces by
their 2-norm score and select the top-r:

S2-norm= top-r
0≤k<

dh
2

(∥∥∥q[2k,2k+1]
∗

∥∥∥ ∥∥∥k[2k,2k+1]
∗

∥∥∥) . (1)

The above method uses heuristic calculations to remove
unimportant subspaces and retain r important ones. It cannot
effectively reflect the impact of removing specific dimensions
on the original whole. Moreover, to enable the migration of
VLMs from MHA/GQA to MLA, We propose Contribution-
Aware Multimodal Partial-RoPE, based on KL-divergence
(MKL). A data-driven and training-free strategy that extends
frequency-subspace selection to multimodal inputs.

For each layer l and each attention head h we compute the
frequency-wise KL sensitivity:

Il,h,k = ED

[
KL

(
Pfull

l,h ∥ Pmasked
l,h,k

)]
, (2)

where Pl,h
full denotes the attention distribution produced by the

original full RoPE/M-RoPE model and Pmasked
l,h,k is obtained

after zero-ablating the k-th subspace in the query and key
projections of head h. A large Il,h,k indicates that subspace
k is critical for positional understanding under the current
multimodal inputs. The dh/2 subspaces are then ranked in
descending order and the top-r indices are retained:

Sl,h
MKL = top-r

0≤k<
dh
2

Il,h,k. (3)

Thus, our modality-adaptive strategy preserves rotation-
critical subspaces. Table 4 shows that our Multimodal Adap-
tive Partial-RoPE strategy (MKL) outperforms the strongest
baseline (S2-norm). We will analyze the effectiveness of the
strategy in Section 4.2. Based on our proposed method, non-
selected subspaces (k /∈ S) become NoPE dimensions, en-
abling seamless integration with MLA’s latent compression.

2.2 Modality-Decoupled SVD (MD-SVD)
After transforming the VLMs’ Vanilla RoPE/M-RoPE to
modality-adaptive partial RoPE, we get the first component
krope. The next step is to construct c(m)

kv ∈ Rdkv , a low-rank
joint embedding of the modality-specific k

(m)
nope and v(m).

Unimodal SVD Baselines Studies on SVD-driven LLM
compression can be grouped into two paradigms. The first
paradigm operates directly on the models’ weights (Hsu
et al. 2022) reduces truncation loss by estimating weight
importance and preserving more important weights. (Ji et al.
2025) jointly optimizes the latent space for both keys and val-
ues, which validates that joint factorization better preserves
pre-trained knowledge. The second paradigm (Wang et al.
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Algorithm 1: Pseudocode of Modality-Decoupled SVD

Input: W — Joint KV weight matrix
Xvisual, Xtext — Visual / Text activations
rvisual, rtext — Target ranks

Output:
{
Wup

m ,Wdown
m

}
m∈{visual,text}

1: procedure MD_SVD(W,Xvisual,Xtext, rvisual, rtext)
2: for m ∈ {V isual, T ext} do ▷ process each modality
3: Sm ← Xm X⊤

m

4: [Us,Σs, _]← SVD(Sm)

5: D←W Us Σ
1/2
s

6: [Ud,Σd,Vd]← SVD(D)
7: Keep first rm components of (Ud,Σd,Vd)

8: Wup
m ← Ud Σ

1/2
d

9: Wdown
m ← Σ

1/2
d Vd Σ

−1/2
s U−1

s

10: end for
11: return

{
Wup

m ,Wdown
m

}
m

12: end procedure

2025b,a) augments SVD with activation-aware transforma-
tions to lower the truncation loss L in the form of Frobenius
norm as follows during LLM compression:

L2 = ||WX −W ′X||2F (4)

Given a single-modality activation matrix X, we first
construct the covariance S = XX⊤, second, we per-
forms a second SVD on D = WUsΣ

1/2
s . (Wang

et al. 2025a) proves the compressed weight W ′ =

Ud Trunc.(Σd)Vd Σ
−1/2
s U−1

s achieves the theoretical min-
imum truncation loss.

Modality-Decoupled SVD

Motivation Visual and text activations exhibit distinct
scales, estimating a single covariance on Svisual or Stext

causes the dominant modality to distort the singular value
distribution, reducing the quality of other modality after SVD.
Our aim is to keep the shared KV weight W intact while
deriving two modality-decoupled low-rank projections that
jointly minimise truncation loss. The pseudocode of our pro-
posed MD-SVD is provided in Algorithm 1.

Theorem 2.1. For a multimodal token sequence, we denote
the joint activation matrix as Xjoint ∈ Rd×(nv+nt) which
can be partitioned into two modality-specific components:

Xjoint = [Xvisual;Xtext]

where Xvisual ∈ Rd×nv and Xtext ∈ Rd×nt denote the
activations corresponding to visual and text tokens, respec-
tively.

Then the minimum loss of joint-modals is larger than or
equal to the sum of the minimum losses of split-modals:

minL2
joint ≥ minL2

visual +minL2
text (5)

Proof. First, Given Xjoint and weight matrix W , inspired
by (Wang et al. 2025a), we can obtain an optimal matrix W ′

that minimizes the joint loss L2
joint :

minL2
joint = ||WXjoint −W ′Xjoint||2F (6)

Second, by decomposing Xjoint into its constituent modal-
ities, we obtain the following:

minL2
joint = ∥W [Xvisual;Xtext]

−W ′[Xvisual;Xtext]∥2F
= ∥WXvisual −W ′Xvisual∥2F
+ ∥WXtext −W ′Xtext∥2F

≥ minL2
visual +minL2

text.

(7)

This inequality holds because joint optimization imposes
shared weights between different modalities, which limits the
upper bound of model optimization. In contrast, our proposed
Modality-Decoupled SVD (MD-SVD) optimizations allow
for separate weights, enabling each branch to independently
minimize its truncation loss. We provide a quantitative analy-
sis in Section 4.1 to further validate this theoretical insight.

3 Experiment
Setups Details of the models, datasets, parameter-efficient
and data-efficient strategies, evaluation, and hyperparameter
setups are placed in Appendix A.

Based on the above settings, We conduct systematic exper-
iments of MHA2MLA and GQA2MLA under various KV
dimensions, our experiments address three critical questions:
1. Can MHA2MLA-VLM maintain multimodal accuracy

when training and inference are limited to a tight compu-
tation or data budget?

2. What are the characteristics of SVD in multimodal scenar-
ios using MHA2MLA-VLM?

3. Comparison between MHA2MLA-VLM and cache prun-
ing, and can it be combined with cache compression?

3.1 Main Results
As shown in Table 1, compared to the original VLMs after
fine-tuning (dkv = 256), as dkv decreases, our method signif-
icantly reduces the KV cache memory with only slight perfor-
mance drop. For example, for Qwen2.5-VL, our GQA2MLA
method still achieves an overall performance of 79.47 even
after reducing the KV memory by 94.64%, which is compa-
rable to the original model or the fine-tuned baseline model.

Second, our architecture migration method demonstrates
both parameter and data efficiency. Compared to existing
models training from scratch that rely on trillions of training
tokens (Bai et al. 2025), our approach enables the migration
from MHA to MLA architectures using only within 1.8B to-
kens. Furthermore, within our two-stage training framework,
we fine-tune only ∼ 10 % of the VLM’s parameters while
still achieving competitive performance. These results high-
light the effectiveness of our method in enabling architectural
adaptation with limited data or GPU resources, making it
highly applicable to resource-constrained scenarios.

In addition, Figure 2 shows the parameter and data efficient
fine-tuning losses of MHA2MLA and GQA2MLA in differ-
ent compression ratios. Even with small data (0.002%) and
only ∼ 10% parameter updates, training converges quickly.
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Model Tokens KV Mem. Avg. AI2D GQA POPE SEEDI RWQ MMBEN Chart Doc

LLaVA-1.57B 63.89 53.63 61.27 84.03 65.28 56.21 62.89 - -
- MHA dkv=256 64.13 54.92 61.97 83.96 64.80 56.34 62.80 - -

- MHA2MLA
dkv=64 0.5B -62.50% 63.84 -0.29 54.05 62.32 82.74 65.17 54.51 64.26 - -
dkv=32 (0.025%) -75.00% 63.58 -0.55 52.49 62.06 83.18 65.04 54.90 63.83 - -
dkv=16 -81.30% 62.27 -1.86 48.41 62.08 83.61 65.85 51.37 62.29 - -

LLaVA-NeXT8B 70.72 70.56 65.13 87.18 72.46 58.69 71.82 68.44 71.47
- GQA dkv=256 70.78 70.76 65.30 87.22 71.95 59.22 71.74 69.04 70.99

- GQA2MLA
dkv=128 1.8B -84.38% 70.23 -0.55 69.53 65.25 85.96 71.90 59.08 72.08 68.68 69.34
dkv=64 (0.012%) -90.63% 68.75 -2.03 68.20 64.45 86.32 71.57 58.56 69.50 65.56 65.83
dkv=32 -93.75% 66.72 -4.06 65.90 63.98 86.56 71.15 56.86 63.32 63.60 62.41

Qwen2.5-VL7B 79.47 82.58 60.42 86.22 77.34 68.37 82.82 83.24 94.78
- GQA dkv=256 80.75 83.35 63.26 87.50 76.83 69.67 84.28 86.88 94.29

- GQA2MLA
dkv=128 0.5B -91.07% 80.63 -0.12 82.71 63.26 87.54 76.83 69.41 84.02 86.80 94.48
dkv=64 (0.002%) -94.64% 79.47 -1.28 80.63 63.08 87.85 76.51 68.76 81.35 84.76 92.81
dkv=32 -96.43% 77.02 -3.73 78.11 62.87 87.42 74.75 66.54 77.15 82.16 87.17

Table 1: Performance of three VLMs with different architectures (e.g., MHA2MLA, GQA2MLA) and dkv . The eight benchmarks
include AI2D (2016), GQA (2019), POPE (2023b), SEED-Bench (SEED, 2023a), RealWorldQA (RWQ, 2025), MMBench
(MMB, 2024c), ChartQA (2022), DocVQA (2021).
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Figure 2: Training loss curves of MHA2MLA (LLaVA-1.5)
and GQA2MLA (LLaVA-NeXT) with different dkv settings.

Greater compression widens the loss gap compared to the un-
compressed baseline. When dkv is large (64 or 128), with KV
cache compression of 84.38% (LLaVA-NeXT) and 62.50%
(LLaVA-1.5), it achieves loss comparable to fine-tuning the
original model. Note that the changing trends of these loss
curves are the same, indicating that our architecture transfer
preserves the VLMs’ internal knowledge to a large extent.

Overall, our MHA2MLA-VLM method generalizes across
both MHA and GQA architectures, enabling parameter-
efficient and data-efficient training for diverse VLMs.

3.2 MHA2MLA, Cache Pruning and Compression
To demonstrate the efficiency of MHA2MLA-VLM in com-
pressing KV cache, we compare it with representative prun-
ing and quantization methods, as summarized in Table 2.

First, at comparable compression ratios, MHA2MLA
achieves significantly better performance than the cache prun-
ing methods. For instance, at a 62.50% reduction in KV
cache, the average score reaches 68.75, while cache pruning
methods such as H2O and TOVA yield notably lower scores
(e.g., 63.38 and 60.48, respectively). Similar trends can be
observed under 75.00% and 81.25% compression ratios.

Second, MHA2MLA can be effectively combined with
cache quantization methods to achieve further compression
without performance degradation. For all levels of dkv com-
pression in GQA2MLA, applying Int4Quanto and Int4HQQ,
even at compression levels of 84.38% (dkv=128 with 70.22)
and 90.63% (dkv=64 with 68.66), the performance is still
significantly better than the Int2HQQ of 67.21 based on
cache quantization at 87.5%. These results demonstrate that
MHA2MLA and quantization techniques are highly compati-
ble and can be effectively combined to achieve compounded
compression benefits with minimal loss in performance.

These results validate that MHA2MLA achieves better
performance compared to existing cache compression strate-
gies, and can integrate seamlessly with cache quantization
methods to achieve higher cache reduction.

3.3 Ablation Study
Effect of Modality-Decoupled SVD To better understand
the contribution of our proposed MD-SVD, we disentangle its
two core designs (e.g., modality decoupled and SVD-based
initialization) and evaluate them separately. As depicted in Ta-
ble 3, modality decoupled leads to consistent improvements
across all dkv (+0.42 at dkv = 32, +0.45 at dkv = 64). While
MD-SVD Init model exhibits slightly lower performance at
dkv = 32, it achieves a substantial improvement at dkv = 64
(+1.23). Thus, SD-SVD Init performs better overall.

Moreover, Figure 3 demonstrates that under various KV
cache compression conditions, our proposed MD-SVD initial-
ization not only reduces the initial training loss, but also leads
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Model Type KV Mem. Avg.
Origin

LLaVA-NeXT BF16 100.0% 70.78
Cache Pruning

LLaVA-NeXT

H2O -81.25% 61.43
TOVA 54.53
H2O -75.00% 62.34
TOVA 57.24
H2O -62.50% 63.38
TOVA 60.48

Cache Quantization

LLaVA-NeXT

Int4Quanto -75.00% 70.53
Int4HQQ 70.62
Int2Quanto -87.50% 67.21
Int2HQQ 60.71

dkv=128
BF16 -37.50% 70.23
Int4Quanto -84.38% 70.22
Int4HQQ 70.21

dkv=64
BF16 -62.50% 68.75
Int4Quanto -90.63% 68.66
Int4HQQ 68.64

dkv=32
BF16 -75.00% 66.72
Int4Quanto -93.75% 66.71
Int4HQQ 66.72

Table 2: Comparison of GQA2MLA with other cache com-
pression strategies, including Cache Pruning and Cache
Quantization for LLaVA-NeXT. Bolded scores indicate that
GQA2MLA outperforms Cache Pruning or Int2 quantization
methods at the same or higher compression levels.

to better convergence throughout training. Overall, these re-
sults demonstrate that SVD Init enhances both optimization
efficiency and model robustness across a range of low-ranks.

Effect of Two Stage Training Table 3 indicates that two-
stage efficient parameter fine-tuning outperforms single-stage
tuning at various cache compression rates, demonstrating the
effectiveness of two-stage training.

Effect of Partial-RoPE strategies Table 4 presents a com-
parison of LLaVA-NeXT performance under two different
Partial-RoPE strategies. We observe that SMKL achieves bet-
ter performance than S2-norm. To better understand this behav-
ior, we conduct a detailed analysis in Section 4.2.

4 Analysis
4.1 Empirical Validation for MD-SVD
Theorem 2.1 proves that the loss from our proposed Modality-
Decoupled SVD strategy is always smaller than the loss from
jointly optimizing over visual and text (e.g. minL2

joint ≥
minL2

visual +minL2
text). To empirically validate this theo-

retical insight, we compute the ratio between split and joint
losses, defined as L2

split/L2
joint to and report this across all

layers for different VLM architectures, as shown in Figure 4.

Model dkv KV Mem. Avg

LLaVA-NeXTGQA2MLA
32 93.75% 67.56
64 90.63% 69.70

w/o Modality Decoupled 32 93.75% 67.14
64 90.63% 69.25

w/o MD-SVD Init 32 93.75% 68.21
64 90.63% 68.47

w/o Two Stage 32 93.75% 67.03
64 90.63% 68.82

Table 3: Ablation study on the core designs of GQA2MLA
on LLaVA-NeXT, including Two Stage training, Modality
Decoupled, and MD-SVD Initialization.
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Figure 3: Training loss of GQA2MLA on LLaVA-NeXT w
and w/o MD-SVD initialization under different dkv .

First, across all models, the ratio curves (three solid lines)
consistently fall below the joint baseline (red dotted line)
throughout all layers. This observation indicates that process-
ing visual and text modalities decoupled leads to a strictly
lower loss compared to joint processing, irrespective of ar-
chitecture, which empirically validates Theorem 1.

Second, the relative advantage of the decoupled strategy
becomes increasingly significant as the layer increases. It
indicates that deeper layers are more sensitive to cross-modal
interference and benefit more from modality-decoupled opti-
mization. For example, in Qwen2.5-VL, the ratio decreases
progressively and reaches a maximum relative loss reduc-
tion of 35.85% at the final layer, highlighting the decoupled
approach’s compounding benefit in deep architectures.

4.2 Comparison of S2-norm and SMKL
Figure 5 analyze the frequency profiles of the selected key di-
mensions under two strategies to understand their frequency
preferences. SMKL consistently selects dimensions that con-

Model Partial-RoPE Strategy Avg.

LLaVA-NeXT S2-norm 70.31

LLaVA-NeXT SMKL 70.54

Table 4: Comparison of average performance under different
Partial-RoPE strategies for LLaVA-NeXT.
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-29.83%

-14.59%

-35.85%

Figure 4: Quantitative analysis of MD-SVD via layer-wise
loss ratio. Modality decoupled shows consistent improve-
ments over joint optimization across all models.

centrate more heavily in the high-frequency range, as indi-
cated by medians and tighter interquartile ranges. In contrast,
S2-norm exhibits a broader spread and a strong tendency to-
ward low-frequency selection, which are always noisy and
less informative. SMKL explicitly evaluates the impact of
each frequency component on the final attention distribution.
Frequencies that induce larger changes are considered more
informative and thus preferentially selected, allowing the
model to retain discriminative high-frequency dimensions
and improving the effectiveness of key-value compression.

Empirical results show that this sensitivity-based crite-
rion consistently selects more important key dimensions, and
leads to lower attention loss and better downstream perfor-
mance, especially in multimodal settings where fine-grained
alignment is crucial.

5 Related Work
Vision-Language Models Represented by GPT4 (OpenAI
et al. 2024), VLMs have shown their strong strength and are
increasingly becoming one of the mainstream research direc-
tions. They combine visual and language models to achieve
cross-modal understanding and reasoning capabilities. Pi-
oneering models such as LLaVA (Liu et al. 2024a) uses a
simple projection layer to promote image-text alignment and
uses a two-stage training method to improve model capabil-
ities. Furthermore, MouSi (Fan et al. 2024) and Cambrian-
1 (Tong et al. 2024) leverage the unique attributes of diverse
visual encoders and unify their strengths to enrich the mul-
timodal understanding of VLMs. Recently, the InternLM-
XComposer (Zhang et al. 2023a; Dong et al. 2024; Zhang
et al. 2024) and InternVL (Chen et al. 2024b,a; Zhu et al.
2025) family of models have shown leading performance.

Moreover, videos or multiple images require more tokens
for visual signals. For example, VideoPoet (Kondratyuk et al.
2024) and VideoLLaVA (Lin et al. 2024) encode each frame
with thousands of tokens, quickly saturating computation
budgets. This token explosion makes attention the primary
bottleneck and calls for stronger sparsification strategies to
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Figure 5: Comparison of multimodal partial-rope selection
between S2-norm and SMKL.

unlock the next level of VLM performance.

Efficient Architectures KV cache consumption is a signifi-
cant challenge for LLMs and VLMs, especially when dealing
with long contexts. The primary methods for KV-cache com-
pression can be broadly categorized into three approaches:

Model-level optimization like MQA (Shazeer 2019)
and GQA (Ainslie et al. 2023b) use intra-layer group-
ing, sharing key-value pairs across heads to save memory.
MLA (DeepSeek-AI et al. 2024) further compresses KV
caches via a low-rank joint representation across heads and
layers, achieving substantial savings and demonstrating ef-
fectiveness in large-scale deployments.

Cache quantization techniques, such as KVQuant (Hooper
et al. 2024), MassiveActivation (Sun et al. 2024), and
HQQ (Badri and Shaji 2023), compress KV cache into low-
bit formats (e.g., 4-bit or 2-bit), significantly reducing mem-
ory footprint and improving inference efficiency. However,
they may suffer from performance degradation under aggres-
sive quantization or cross-modal inputs.

Cache pruning methods, including H2O (Zhang et al.
2023b), TOVA (Oren et al. 2024), PyramidKV (Cai et al.
2025), and AdaKV (Feng et al. 2025), aim to reduce KV
cache size by eliminating less informative tokens or atten-
tion heads, but may mistakenly discard contextually crucial
information, especially under long-range dependencies.

6 Conclusion
In this work, we present MHA2MLA-VLM, a parameter-
efficient and multimodal-aware framework for adapting
VLMs to DeepSeek’s MLA architecture. Our approach
introduces modality-adaptive partial-RoPE and modality-
decoupled low-rank approximation, enabling substantial KV
cache reduction with minimal fine-tuning across various mod-
els. Extensive experiments demonstrate that MHA2MLA-
VLM achieves efficient inference while maintaining original
model performance, offering a practical solution for scalable
multimodal applications.
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