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Abstract

With the rapid development of multimodal large language
models (MLLMs), deploying them on low-resource devices
remains challenging. Beyond the model size, long multi-
modal inputs cause substantial memory overhead in the KV
cache, making efficient cache management critical. In this pa-
per, we propose DAVID, a KV cache eviction strategy that
adapts to the degree of modality fusion across layers. By an-
alyzing the feature distributions of vision and text tokens, we
observe low fusion in early layers and high fusion in deeper
layers. Based on this observation, DAVID adopts a decoupled
eviction strategy in shallow layers and a super-modal eviction
strategy in deeper layers. To support this dynamic switching,
we design a lightweight metric that quantifies cross-modal
fusion and uses a threshold to determine which layers require
decoupling. Experimental results show that DAVID achieves
state-of-the-art performance on multiple benchmarks and of-
fers a new perspective on KV cache eviction for MLLMs.

Code — https://github.com/MeL0D/DAVID

Introduction
Recent advances in large language models (LLMs)
have rapidly extended from unimodal text-based systems
(Achiam et al. 2023; Touvron et al. 2023a,b; Zhang et al.
2022) to multimodal large language models (MLLMs) that
jointly process visual and textual inputs (Li et al. 2025; Liu
et al. 2023, 2024a; Bai et al. 2025). Vision-language models
(VLMs), such as LLaVA (Liu et al. 2023, 2024a), integrate
Contrastive Language-Image Pre-training (CLIP)-based vi-
sion encoders (Radford et al. 2021) with LLM backbones
through a lightweight projector, enabling unified reasoning
across modalities. However, as VLM inputs evolve from sin-
gle low-resolution images and short text to multiple high-
resolution images and long text (Bai et al. 2025; Team et al.
2025; Li et al. 2024b), inference costs grow sharply. A ma-
jor bottleneck arises from the Key–Value (KV) cache, which
stores attention states to avoid redundant computation dur-
ing generation. The KV cache dramatically accelerates in-
ference but consumes substantial GPU memory, making the
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deployment of VLMs on resource-limited devices challeng-
ing.

To address this issue, recent works have explored KV
cache compression and eviction. Early studies such as
Heavy-Hitter Oracle (H2O) (Zhang et al. 2023) and SnapKV
(Li et al. 2024a) introduced token-level importance metrics
to discard redundant cache entries while maintaining accu-
racy. More recent multimodal extensions (Wan et al. 2024,
2025; Pei, Huang, and Xu 2024) explicitly separate vision
and text tokens, designing modality-specific eviction strate-
gies. For instance, Look-Once Optimization in KV Cache
for efficient Multimodal long-context inference (LOOK-M)
(Wan et al. 2024) observed that text KVs tend to domi-
nate attention and proposed merging visual KVs into tex-
tual ones based on similarity, while Multimodal Attention
Entropy-Guided Dynamic KV Cache Allocation (MEDA)
(Wan et al. 2025) further analyzed layer-wise attention dis-
tribution to dynamic allocate KV cache budgets. These KV
cache eviction approaches for MLLMs focus on disentan-
gling information from different modalities and applying
modality-specific retention strategies. However, we empiri-
cally find that multimodal KV eviction sometimes performs
worse than unimodal methods such as H2O and SnapKV.
This counterintuitive finding raises an open question: Why
do modality-separated KV cache eviction strategies, which
are explicitly designed for multimodal models, sometimes
underperform strategies developed for unimodal LLMs?

We posit that this limitation stems from a misinterpreta-
tion of modality fusion in MLLMs. Prior approaches rigidly
decouple vision and text tokens across all layers, assum-
ing a persistent separation between modalities. However,
MLLMs concatenate vision and text embeddings at the in-
put layer, and as data propagate through transformer layers,
cross-modal attention progressively blends representations.
In early layers, visual and textual tokens remain semanti-
cally distinct, but in later layers, they form a fused represen-
tation space that we term a super-modality, where tokens en-
code jointly integrated semantics rather than single-modality
cues. In such fused stages, forcibly maintaining modality
separation disrupts the coherence of contextual reasoning,
making the separation of visual and textual information po-
tentially ineffective or even detrimental to generation qual-
ity. Conversely, uniform eviction across already fused repre-
sentations better aligns with the model’s information struc-
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ture.
Building upon this insight, we investigate how the fusion

process affects multimodal KV cache eviction and propose
a Dual-stage Adaptive Vision-text Integrated Decoupling
(DAVID) for multimodal KV cache eviction. DAVID dy-
namically adapts its retention behavior to the model’s fu-
sion depth. In early layers with low cross-modal fusion, it
performs modality-decoupled eviction to preserve modality-
specific information; in later layers where fusion makes
super-modality form, it switches to uniform eviction without
explicit modality separation. To enable this transition, we
introduce a cross-modal fusion intensity score that quantita-
tively measures the degree of representation fusion, thereby
identifying the optimal layer boundary for switching evic-
tion modes. Our contributions are listed as follows:

• To the best of our knowledge, our work is the first KV-
eviction framework that explicitly characterizes layer-
wise fusion progression and uses it to guide a dual-stage
modality-aware eviction strategy.

• We propose a dynamic KV cache eviction framework
that adapts to the layer-wise fusion state of multi-
modal representations, bridging unimodal and multi-
modal pruning paradigms.

• We introduce a cross-modal fusion intensity score that
quantifies the integration level of visual and textual fea-
tures, providing a principled signal for switching eviction
modes.

Related Work
Efficient Multimodal Large Language Models
Efficiency has become a central objective for MLLMs as
they move toward real-world deployment. Typical MLLMs
(Liu et al. 2023, 2024a; Li et al. 2025) connect a visual en-
coder to an LLM through a lightweight projector, making
them compatible with efficiency techniques originally de-
signed for LLMs—such as quantization (Frantar et al. 2023;
Dettmers et al. 2022), pruning (Ma, Fang, and Wang 2023;
Sun et al. 2024), and low-rank approximation (Wang et al.
2025a,b). A key constraint of MLLMs is their longer mul-
timodal input sequence. To address this, prior works have
explored reducing visual or textual inputs (Chu et al. 2024;
Cao et al. 2024; Huang et al. 2025; Wan et al. 2024) and
lowering KV-cache memory costs. These two directions are
orthogonal. Our work belongs to the latter: optimizing KV-
cache memory during inference without retraining.

Token Compression in Multimodal Large
Language Models
Since most multimodal inputs originate from vision en-
coders, many studies primarily target the reduction of vi-
sual tokens (Chu et al. 2024; Shang et al. 2024; Chen et al.
2024a). MobileVLM (Chu et al. 2024) designs an efficient
projector that compresses vision tokens during the alignment
of image features to text features. LLaVA-Prumerge (Shang
et al. 2024) introduces a plug-and-play pruning module be-
tween the visual encoder and the projector that adaptively re-
moves unimportant vision tokens. FastV (Chen et al. 2024a)

observes that vision token sparsity varies across layers, and
thus adopts a strategy of retaining tokens in early layers
while pruning them at specific later layers. Dynamic-LLaVA
(Huang et al. 2025) argues that compressing text tokens is
equally important in MLLMs, and introduces a token im-
portance predictor to jointly reduce both text and vision to-
kens. These methods effectively reduce sequence length and
consequently KV-cache size, though many of them rely on
extra modules, architectural modifications, or task-specific
retraining, which may limit deployment simplicity. In con-
trast, our approach identifies KV importance without extra
training, enabling seamless real-time integration.

KV Cache Eviction
KV-cache eviction has been extensively studied for uni-
modal LLMs. H2O (Zhang et al. 2023), uses accumulated at-
tention scores as eviction scores to identify and retain impor-
tant key-value (KV) pairs. SnapKV (Li et al. 2024a) builds
on this by computing accumulated attention scores within
an observation window to provide a more accurate assess-
ment of KV importance. NACL (Chen et al. 2024b) and
Keyformer (Adnan et al. 2024) further refine KV selection
with learned routing or structured sparsity. Multimodal KV
eviction introduces new challenges due to modality hetero-
geneity. LOOK-M (Wan et al. 2024) considers vision tokens
to be less important than text tokens. It selects key text to-
kens based on eviction scores and merges similar vision to-
kens into them. MEDA (Wan et al. 2025) builds on this by
allocating KV budgets across layers according to their im-
portance. CSP (Pei, Huang, and Xu 2024) distinguishes mul-
timodal attention into self and cross attention, calculating
their cumulative attentions separately and combining them
with weighted sums to derive the multimodal eviction score.
While these methods incorporate multimodal cues into the
scoring mechanism, they do not explicitly model how fusion
evolves across layers.

Motivation
MLLM inputs are longer than those of text-only LLMs, con-
taining rich information from multiple modalities. Research
on KV cache eviction for MLLMs (Wan et al. 2024, 2025;
Pei, Huang, and Xu 2024) shows that vision and text to-
kens are heterogeneous, making text-only eviction methods
(Zhang et al. 2023; Li et al. 2024a) less suitable for mul-
timodal settings. However, do vision and text tokens truly
exhibit heterogeneity? And if so, is this heterogeneity con-
sistent across all layers? Motivated by these questions, we
conducted a detailed analysis.

Why is modality decoupling necessary in KV cache evic-
tion for MLLMs? In multimodal tasks, vision and text to-
kens have distinct sparsity. Fig. 1(a) shows a typical mul-
timodal input, where vision tokens vastly outnumber text
tokens. We extracted the first-layer attention scores from
LLaVA-1.5-7B with multimodal input, as shown in Fig.
1(b). It shows that text tokens receive consistently higher
attention, further highlighting this disparity. Prior unimodal
methods (Zhang et al. 2023; Li et al. 2024a) apply uniform
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(a) Typical multimodal input. (b) Attention score of the MLLM. (c) Feature clustering in different layers.

Figure 1: (a) illustrates a typical multimodal input, where the text is concise yet information-rich, while the visual input contains
substantial redundancy. (b) presents the attention scores at the MLLM input layer, showing that text tokens receive higher
attention. (c) depicts the degree of modality fusion across layers, with deeper layers exhibiting more thorough integration of the
two modalities.

sparsity rates, risking over-retention or loss of modality-
specific information. Therefore, it is necessary to adopt a
decoupled KV cache eviction for vision and text modalities.

Rethinking the Impact of Fusion Processes on Tokens
in MLLMs. The above analysis highlights the need for
modality decoupling in KV eviction. However, decoupling
at every layer is unnecessary. Prior methods (Wan et al.
2024, 2025) design eviction strategies based on modal-
ity differences, but as fusion progresses, these differences
fade. As shown in Fig. 1(c), t-SNE (Van der Maaten and
Hinton 2008) visualizations reveal that text and vision to-
kens, initially separate, gradually merge into shared clusters
across layers. This reflects the formation of super-modal to-
kens, where modality-specific decoupling becomes redun-
dant. Therefore, decoupling is essential in early layers, while
unified eviction is more appropriate in deeper layers.

Methodology
In this section, we propose a modality-decoupled KV cache
eviction for MLLMs to better identify crucial KV pairs.
To account for modality fusion, we introduce a normalized
cross attention rate that determines when to transition to uni-
fied eviction adaptively. These components form DAVID: a
KV cache eviction framework designed for MLLMs.

Decoupled Multimodal KV Cache Eviction
In MLLMs, the typical input consists of concatenated vi-
sion and text tokens, while the output is composed of text
tokens. These tokens are encoded as Query(Q), Key(K),
and Value(V) in the Transformer (Vaswani et al. 2017). Let
Q,K ∈ Rn×d, where n is the total number of tokens and d
is the hidden dimension, and Ai,j denotes the attention score
between the ith query and the jth key, computed as follows.

Ai,j = Softmax(QiKj/
√
d) (1)

Base on SnapKV (Li et al. 2024a), we use the accumu-
lated attention scores of the most recent r tokens as eviction

scores because recent tokens are more relevant to next token.
The computation of the eviction scores is as follows.

Si =
n∑

j=n−r

Ai,j (2)

Let us denote the vector of Si by S. Following SnapKV’s
observation (Li et al. 2024a) that overly dispersed tokens
impair generation, we apply maxpool to smooth the evic-
tion scores while preserving the original vector dimensions,
thereby maintaining textual continuity. Previous text-only
methods (Zhang et al. 2023; Li et al. 2024a) typically set a
unified budget Bs, retaining the top Bs KVs with the highest
eviction scores as shown in the following.

KVselected = TopK(MaxPool(S), Bs) (3)

Unified eviction works well for text-only tasks but ig-
nores modality differences in multimodal inputs. Thus, mul-
timodal methods account for varying information across
modalities. Previous approaches (Wan et al. 2024, 2025)
have found that text tokens are generally more influential
than vision ones. This trend was also observed in our anal-
ysis. Text tokens typically contribute more to the overall at-
tention distribution and exhibit lower sparsity compared to
vision tokens. As a result, these methods prioritize text dur-
ing generation and merge all vision tokens into the text ones.

However, this assumption doesn’t hold universally—fixed
priorities may result in significant loss of visual informa-
tion. Instead, preserving each modality’s information only
requires decoupling them, rather than enforcing a fixed hi-
erarchy. Let X denote the set of all tokens, M ∈ {V, T}
denote different modal, where XM denotes the set of uni-
modal tokens, and Xi denotes the ith token. We calculated
two eviction scores for vision and text as follows.

SM
i =

n∑
j=n−r

Ai,j , if Xi ∈ XM else 0 (4)
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Figure 2: DAVID’s algorithm employs two KV eviction strategies: (1) Multi-modal eviction, where modalities are decoupled
and scored separately to retain important KVs; and (2) Super-modal eviction, applied after vision and text tokens are fully
fused, enabling unified eviction. The switch between them is controlled by the θ parameter—when θ falls below a threshold,
Super-modal eviction is triggered.

In practice, we apply MASK(S, I) to zero out scores at
positions I , yielding the modality-specific eviction scores.
Due to differing sparsity rates, text and vision tokens require
separate eviction processes. Based on the decoupled eviction
scores, we retain the crucial KVs as follows.

KV M
selected = TopK(SM , BM

s ) (5)

This indicates that the vision and text modalities retain
different numbers of KVs. Under a fixed budget, the ratio
ρ =

BV
s

BT
s

should be set according to the ratio of vision and
text tokens. However, this ratio should not be too large or
too small, since this would result in a significant amount of
information being lost from one modality. We concatenate
the KV pairs from both modalities to obtain the final set of
KVs to be retained.

Normalized Cross Attention Rate
The decoupled eviction strategy for handling modality dif-
ferences was described earlier. As mentioned in the motiva-
tion section, the character of fusion between vision tokens
and text tokens varies across different layers. As the fusion
process progresses, vision tokens and text tokens gradually
fuse into a super-modal token. These super-modal tokens
can effectively be treated as unimodal, allowing the use of
text-only methods for unified eviction. The unimodal evic-
tion strategy is shown in Eq. (3). We need to determine the
boundary for switching between eviction strategies.

We define a parameter θ to quantify fusion strength and
identify the layers that require modality decoupling. Our
goal is to efficiently identify the boundary between decou-
pled and unified eviction based on θ. In Eq. 1, Aij quantifies
the coupling between Qi and Kj ; if they belong to different
modalities, it reflects cross-modal coupling. In the shallow
layers of VLMs, modalities remain largely separate, making
cross-modal coupling essential and leading to high cross-
modal attention scores Ai,j . Previous studies (Chen et al.
2024a; Wan et al. 2025) have shown that the importance of
vision tokens decreases with layer depth. This enables us to
identify mutations in the average coupling of text and vision,
helping us to determine the boundary between decoupling
and unified KV cache eviction. Therefore, we propose the
normalized cross attention rate (NCAR) as follows:

θ =
n

nV r

n∑
i=n−r

∑
j∈V

Ai,j (6)

Here, we normalize the average cross-modal attention
score by 1/n, where n is the token count. To identify abrupt
drops in NCAR and determine when to stop decoupled KV
cache eviction, we set a threshold θT . We determine the
phase transition using the difference in NCAR as follow:

∆i = θi−1 − θi (7)

When ∆i < θT , we stop decoupled eviction and switch
to a unified eviction strategy. The DAVID algorithm is pre-
sented in Algorithm 1.

21390



Algorithm 1: DAVID Algorithm
1: Input: Total KV cache budget B = Br + Bs, recent cache

budget Br , selected cache budget Bs, budget ratio ρ, fusion
threshold θT .

2: Output: Retained KV indices for each layer and head.
3: function EVICTION(Prompt)
4: Flag ← True
5: θ0 ← 1
6: for Layer-m in LLMs do
7: Qm,Km, Vm ∈ Rh×n×d

8: IV ← Image Position
9: IT ← Text Position

10: ▷ * signifies an operation shared across the same dim.

11: Am,∗ ← Softmax(
Qm,∗×KT

m,∗√
d

) ▷ Am ∈ Rh×n×n

12: KV r
m,∗ ← Recent Br Token

13: Sm,∗ ←
∑

Token∈Br
Am,∗ ▷ Sm ∈ Rh,n

14: Ŝm,∗ ←MaxPool(Sm,∗)
15: if Flag then
16: θm,∗ ← n

nV

∑n
i=n−r

∑
j∈V Am,∗,i,j

17: θm ←
∑h

k θm,k

h
18: ∆m = θm−1 − θm
19: if ∆m < θT then
20: Flag ← False
21: end if
22: end if
23: if Flag is False then
24: KV s

m,∗ ← TopK(Ŝm,∗, Bs)
25: else
26: ŜT ←MASK(Ŝ, IV )

27: ŜV ←MASK(Ŝ, IT )
28: BV

s ← FLOOR( Bs
1+ρ

) ▷ Round Down
29: BT

s ← Bs −BV
s

30: KV s,V
m,∗ ← TopK(ŜV , BV

s )

31: KV s,T
m,∗ ← TopK(ŜT , BT

s )

32: KV s
m,∗ ← [KV s,V

m,∗ ,KV s,T
m,∗ ]

33: end if
34: KVm,i ← [KV s

m,i,KV r
m,i]

35: end for
36: end function

Experiments
In this section, we conduct extensive experiments to vali-
date the effectiveness and efficiency of DAVID. We adopt
the LLaVA series (Liu et al. 2023; Li et al. 2025) and
Qwen-VL (Bai et al. 2023) as our primary models, given
its widespread use and representative architecture. We first
compare DAVID’s generation performance with other base-
line methods. Next, we evaluate its inference speed and an-
alyze key design components through ablation studies. Fi-
nally, we provide in-depth discussions and insights into the
DAVID framework.

Setup and Baseline
Baseline To evaluate our method, we compare it with
two text-based approaches, H2O (Zhang et al. 2023) and
SnapKV (Li et al. 2024a), which can be adapted to MLLM
KV eviction. We also incorporate multimodal methods, such
as LOOK-M (Wan et al. 2024), MEDA (Wan et al. 2025)

and CSP (Pei, Huang, and Xu 2024), which reduce KV
cache usage by eliminating redundant tokens, and which
have demonstrated robust performance in multimodal tasks.

Datasets Previous studies often use MileBench (Dingjie
et al. 2024) for evaluation, but its multiple-choice format
with single-token answers limits its suitability for assess-
ing eviction performance. To enable a more realistic eval-
uation, we select open-ended multimodal QA tasks across
three datasets, OCRBench (Liu et al. 2024b), MMVet (Yu
et al. 2024), and MathVista (Lu et al. 2024), covering
OCR, general VQA, and mathematical reasoning. We eval-
uate these datasets using the widely adopted VLMEvalKit
framework (Duan et al. 2024). OCRBench is a comprehen-
sive benchmark for evaluating MLLMs on text recognition,
scene-text VQA, document VQA, key information extrac-
tion (KIE), and handwritten math expression recognition
(HMER). MM-Vet is a widely used benchmark for MLLMs,
covering recognition (REC), OCR, knowledge (KNOW),
language generation (GEN), spatial reasoning (SPAT), and
math, to assess overall model performance. MathVista is a
benchmark combining diverse mathematical and visual rea-
soning tasks, including FQA (Chart QA), GPS (Geometry),
MWP (Math Word Problems), TQA (Textbook QA), and
VQA. It covers reasoning types such as ALG, ARI, GEO,
LOG, NUM, SCI, and STA. OCRBench is measured by
recognition accuracy (Acc), while MMVet and MathVista
use GPT-4 (Achiam et al. 2023) to assess semantic align-
ment between predicted and reference answers. To reduce
randomness, we average five runs for final results.

Implementation Details All experiments were conducted
on a single NVIDIA A800 80GB GPU and NVIDIA
GeForce RTX 3090. We set the sparsity rate to 0.2 for all
evaluations. The hyperparameter ρ is set to 2 for OCRBench
and MMVet, and 1 for MathVista, based on the average
vision-to-text token ratio. The fusion threshold θT is fixed
at 0.3.

Main Results
OCRBench Results We compared DAVID with other
methods on the OCRBench (Liu et al. 2024b) dataset.
DAVID consistently outperformed all baselines across sub-
tasks and achieved the highest overall score (305 for 7B,
324 for 13B), closely approaching full-cache performance.
It also maintained strong results across models of varying
scales. We observed that CSP and MEDA, both based on
LOOK-M, performed poorly on OCRBench. This is likely
due to their overemphasis on the text modality, leading to in-
sufficient attention to visual information—crucial for image-
dominated tasks. In contrast, DAVID demonstrates stronger
adaptability and generalizability across modalities.

MMVet Results DAVID demonstrates strong perfor-
mance on the MM-Vet benchmark, outperforming baselines
across multiple tasks and model sizes. As shown in Table
2, both LLaVA-1.5-7B and 13B achieve the highest scores
in key areas such as REC (44.22 for 7B, 40.21 for 13B),
KNOW (20.37 for 7B, 21.67 for 13B), and GEN (19.63 for
7B, 18.75 for 13B), surpassing even the full-cache genera-
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Method Full H2O SnapKV LOOK-M CSP MEDA DAVID Full H2O SnapKV LOOK-M CSP MEDA DAVID
LLaVA-1.5-7B LLaVA-1.5-13B

Text Recog. 157 154 149 82 127 68 156 164 160 159 77 147 81 160
Scene VQA 124 102 120 77 101 70 121 128 126 128 71 112 79 128
Doc VQA 23 13 22 20 23 16 24 25 24 28 14 26 16 29

KIE 4 2 4 3 4 2 4 8 5 7 1 4 3 7
HMER 0 0 0 0 0 0 0 0 0 0 0 0 0 0

Final Score 308 271 295 158 255 156 305 325 315 322 163 289 179 324

Table 1: Results in OCRBench

Method Full H2O SnapKV LOOK-M CSP MEDA DAVID Full H2O SnapKV LOOK-M CSP MEDA DAVID
LLaVA-1.5-7B LLaVA-1.5-13B

REC 43.26 38.87 42.35 33.95 41.01 37.43 44.22 39.83 32.94 38.55 35.18 37.86 37.86 40.21
OCR 20.55 17.4 13.24 7.12 15.37 13.7 16.2 29.62 7.59 24.9 12.13 19.35 18.79 25.09

KNOW 20.35 11.42 17.73 9.04 17.97 16.67 20.37 18.21 2.26 20.00 10.47 15.59 14.88 21.67
GEN 19.50 9.00 15.37 4.87 14.00 11.25 19.63 17.00 1.12 17.75 10.00 14.37 13.25 18.75
SPAT 27.33 19.06 23.73 16.67 23.06 21.33 25.2 31.46 16.13 31.86 22.93 29.33 28.66 30.53

MATH 15.38 3.84 8.07 3.85 3.84 11.15 7.69 18.84 3.84 11.53 11.15 11.53 11.53 11.53
Overall Score 31.05 25.64 28.21 20.41 27.61 26.33 30.18 32.20 18.76 30.41 23.55 28.11 27.15 31.28

Table 2: Results in MMVet

tion accuracy. This suggests that selectively removing tokens
irrelevant to generation can enhance overall accuracy. In
summary, DAVID achieves the highest overall scores (30.18
for 7B, 31.28 for 13B), demonstrating robust, balanced per-
formance across modalities.

MathVista Results Table 3 highlights DAVID’s strong
performance on the MathVista benchmark with both
LLaVA-1.5-7B and LLaVA-1.5-13B.

For the 7B model, DAVID achieves the highest scores
in critical tasks such as ARI (22.66), VQA (34.07), GEO
(27.19), ALG (29.18) and LOG (24.32). In terms of over-
all scores, our approach yielded the best results (26.2). For
the 13B model, DAVID further excels in TQA (39.87), ALG
(26.33), and STA (24.58), while achieving the highest over-
all score (27.5) across all methods. DAVID achieved the
highest overall performance across both models.

DAVID consistently outperforms other methods, ex-
celling in algebra, numerical, and logical reasoning, while
maintaining strong results across diverse multimodal tasks.

Ablation Results
We conducted ablation studies on OCRBench to analyze
the effectiveness of each component in DAVID. Our de-
sign consists of two key components: the Decoupling Evic-
tion (DE) module and the Normalized Cross Attention Rate
(NCAR) judgment. These components operate sequentially,
with NCAR relying on DE to take effect. Accordingly, our
ablation experiments evaluate DAVID’s performance under
three settings: without either component, with only DE en-
abled, and with both DE and NCAR. As shown in the table
4, without either component, the final score is 295. Introduc-
ing DE alone improves the score by 3, indicating that apply-
ing decoupled eviction across all layers still provides some
benefit. With NCAR added, the score rises to 305, 7 points
higher than using DE alone. This supports our view that

while modality decoupling is beneficial, identifying which
layers require decoupling is crucial for optimal performance.

Impact Across Different Budget
To evaluate DAVID’s effectiveness under varying budget
conditions, we compared its performance at MM-Vet with
other methods across different sparsity rates. As shown in
Fig. 3, all methods exhibit a performance decline as the bud-
get decreases, which is expected. However, DAVID main-
tains state-of-the-art performance under almost all budgets.
This clearly highlights the superiority of our method. No-
tably, at a 60% sparsity rate, DAVID even outperforms the
full-cache baseline—likely because removing redundant vi-
sion tokens helps the model focus more effectively on criti-
cal information.

Efficiency Analysis
Table 5 shows the efficiency of DAVID. We took the first 20
samples from the MathVista dataset and analysed their speed
and memory usage on an NVIDIA GeForce RTX 3090.

As shown in Table 5, compared to the full-cache model,
DAVID significantly reduces GPU memory usage and im-
proves inference speed by eliminating redundant KV pairs,
thereby lowering the computational burden. Moreover, our
earlier performance results demonstrate that DAVID main-
tains text generation quality comparable to the full-cache
baseline. These results highlight the practical effectiveness
of our method.

Compatibility with Text-only Eviction Experiment
As highlighted earlier, our method is fully compatible with
text-only approaches. In this section, we conduct extended
experiments to demonstrate how our method can be inte-
grated with text-only KV cache eviction strategies.

Our eviction score can be adapted to the eviction scores of
other text-only methods, ensuring compatibility. As shown
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Method Full H2O SnapKV LOOK-M CSP MEDA DAVID Full H2O SnapKV LOOK-M CSP MEDA DAVID
LLaVA-1.5-7B LLaVA-1.5-13B

SCI 33.6 31.96 34.42 36.88 33.6 33.6 33.6 37.7 38.52 36.06 37.7 36.8 37.7 36.7
TQA 36.7 36.71 36.71 39.87 36.07 36.7 36.7 39.87 38.6 39.24 39.24 39.24 39.8 39.87
NUM 20.13 18.05 19.44 20.83 20.13 19.44 20.14 27.08 24.3 26.38 25.69 27.1 27.7 27.78
ARI 22.38 20.11 20.09 20.96 22.37 22.09 22.66 25.79 23.2 25.77 23.23 26.34 25.77 26.62
VQA 34.08 31.28 33.51 32.4 34.07 33.51 34.07 36.87 35.75 36.31 35.75 36.87 37.43 37.43
GEO 21.34 20.5 21.33 22.17 22.17 22.17 27.19 21.75 21.75 21.33 23.01 24.68 20.08 24.68
ALG 25.27 25.62 24.91 25.97 25.62 25.97 29.18 23.84 24.12 23.48 25.27 26.33 22.77 26.33
GPS 22.6 22.11 22.59 23.07 23.55 23.55 28.84 21.15 21.63 20.67 23.07 24.51 19.23 24.51

MWP 12.9 11.82 12.9 12.9 12.9 12.9 12.9 16.13 14.51 16.67 13.97 17.7 16.12 17.20
LOG 21.62 21.62 21.6 21.62 21.62 21.62 24.32 13.51 13.51 16.21 16.21 18.91 16.21 16.21
FQA 22.67 23.42 21.93 24.9 22.67 22.67 22.67 23.42 22.67 23.42 22.3 23.04 22.3 23.42
STA 20.93 20.93 20.26 22.25 20.93 20.93 20.60 24.25 22.25 24.25 21.26 24.25 22.92 24.58

Overall Score 25.1 24.5 24.8 26 25.2 25.2 26.2 26.6 25.8 26.4 26.00 27.4 26.00 27.5

Table 3: Results in MathVista

Figure 3: Comparison of eviction performance under different budgets.

TREC SVQA DVQA KIE HMER Final
w/o DE&NCAR 149 120 22 4 0 295

w/o NCAR 149 121 23 5 0 298
DAVID 156 121 24 4 0 305

Table 4: Ablation Experiments

Method Budget Decoding Latency GPU Memory
Full Cache 100% 26.23ms/token 1.26GB

DAVID 60% 22.82ms/token 0.77GB
DAVID 20% 19.17ms/token 0.34GB
DAVID 5% 16.46ms/token 0.18GB

Table 5: Efficiency Analysis

in Table 6, experiments using LLaVA-1.5-7B on OCRBench
indicate that using DAVID based on H2O improves our final
score by 14 points. Our framework enhances text-only evic-
tion by incorporating modality decoupling, addressing the
impact of modality fusion on eviction. Once fusion reaches
a certain level, we adopt a unified eviction. It allows our
framework to extend text-only methods to multimodal set-
tings, showcasing strong generalization capabilities.

TREC SVQA DVQA KIE HMER Final
H2O 154 102 13 2 0 271

H2O(DAVID) 151 111 19 4 0 285

Table 6: Compatibility with Text-only Eviction Experiment

Full SnapKV DAVID
OCRBench 486 469 478

MMVet 42.15 38.43 40.31

Table 7: Results in Qwen-VL

Extended Experiments on Other MLLM Models
DAVID can be effectively extended to other MLLMs that
concat visual and textual tokens. Qwen-VL (Bai et al. 2023)
serves as an alternative implementation of this architecture,
differing mainly in its visual encoder design. We evaluate
DAVID on Qwen-VL at 0.4 sparsity rate, where it achieves
a 9 points improvement over SnapKV on OCRBench and a
1.88 points gain on MMVet. These results demonstrate that
our method can be readily applied to models with similar
architectures.

Conclusion
In this paper, we propose DAVID, a KV cache eviction
method tailored for MLLMs to reduce memory consump-
tion during generation. Unlike previous unimodal and mul-
timodal approaches that overlook the modality fusion pro-
cess and apply uniform eviction strategies across all layers,
DAVID dynamically adapts to the degree of fusion at each
layer. By distinguishing between decoupled modal eviction
and super-modal eviction, DAVID more effectively retains
important tokens. Experimental results show that DAVID
achieves SOTA performance across multiple benchmarks.
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