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Abstract—Multimodal large language models require efficient
inference under complex and long-context scenarios. KV-cache is
widely used to accelerate decoding and reduce memory consump-
tion. However, existing approaches often fail to accurately identify
critical tokens, overlook inter-layer redundancy, and ignore
modality-specific characteristics. To address these limitations,
we propose BiKYV, a unified KV-cache optimization framework
that jointly operates at inter-layer and intra-layer levels. At
the inter-layer level, BiKV reuses key—value pairs across highly
similar adjacent layers to eliminate redundant computation.
At the intra-layer level, it leverages cross-modal attention to
select informative tokens, ensuring the preservation of essential
multimodal information. Experiments on representative long-
context tasks from the MileBench benchmark demonstrate that
BiKYV significantly reduces memory usage and inference latency
while maintaining competitive reasoning performance, validating
its effectiveness for efficient multimodal inference. We will make
our data/code available upon acceptance.

Index Terms—KV Cache, Cross-modal Attention, Inter-layer
Reuse, Efficient Inference

I. INTRODUCTION

In recent years, with the widespread application of Mul-
timodal Large Language Models (MLLMs) [1]-[5] in vi-
sion—language tasks, achieving efficient inference under lim-
ited computational resources has become a critical challenge.
Such models typically need to process high-dimensional image
features jointly with textual sequences, imposing substantial
demands on both memory and computation. Prior work has
focused on reducing memory requirements through the selec-
tive pruning of tokens, aiming to preserve those that are most
significant [6], [7]. Consequently, a central problem in this
area lies in accurately determining which tokens should be
retained and which can be safely discarded, while preserving
the original inference performance as much as possible. This
requires a careful balance between efficiency and accuracy,
as well as robust criteria for token importance that generalize
across different modalities, tasks, and input distributions.

Against this backdrop, various Key—Value (KV) cache op-
timization techniques have been proposed. H20 [6] leverages
the cumulative attention score of each token during decoding
as an importance metric to progressively prune redundant
tokens. SnapKV [7], in contrast, applies pooling operations to
smooth the attention distribution, followed by nearest-neighbor
voting to identify critical tokens. However, these methods [6]-
[8]were originally designed for unimodal text, overlooking the
inherent heterogeneity between visual and textual tokens in
multimodal contexts—image tokens usually exhibit stronger
spatial structures and higher semantic density, whereas text
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Fig. 1. Similarity between each adjacent layer on different datasets.

tokens tend to carry long-range sequential dependencies. Treat-
ing them identically often undermines optimization effective-
ness. The LOOK-M [9] approach partially addresses this issue
by prioritizing text tokens based on retention scores, while
clustering and pruning image tokens. Nevertheless, its reliance
on heuristic, modality-specific priors introduces clear limita-
tions: (i) within the text modality, a large portion of tokens may
still be redundant or carry low informational content, making
a text-prioritized retention strategy suboptimal; (ii) its recent-
window selection mechanism fails to capture cross-modal
semantic correspondences, weakening the alignment between
visual and textual information. Recently, pruning methods
based on cross-modal attention have emerged. While these
approaches leverage cross-modal dependencies for model re-
duction, the definition of their pruning strategies is often
inherently complex, which to some extent increases the overall
computational overhead during inference.

To systematically address these challenges, we propose a
token selection mechanism based on cross-modal attention
scores [10], [11] named Modality-Specific Pruning (MSP). By
quantifying the interaction strength between textual and visual
tokens, our method dynamically identifies tokens that play a
pivotal role in multimodal reasoning, thereby enhancing cross-
modal fusion quality. Moreover, inspired by [12] techniques in
large language models (LLMs), we observe substantial feature
redundancy across adjacent layers in multimodal networks. As
illustrated in Figure 1, when running inference with LLaVA
across different datasets, some similarity indicators of the
neighboring layers are significantly higher than those of the
other neighboring layers, especially in middle and upper
layers. Building on this observation, we design an adjacent-
layer KV cache reuse (ALR) mechanism that skips redundant
key—value projections, reducing memory consumption by ap-



proximately 56% and nearly doubling inference speed in long-
context scenarios, all with negligible performance degradation.

Our approach demonstrates significant advantages across
multiple multimodal tasks, including Visual Question Answer-
ing (VQA) [13], image captioning, and information retrieval.
For instance, in VQA, the model is able to focus cross-
modal attention on image regions relevant to the question ,
while suppressing irrelevant background noise. This enables
the model to emphasize key contextual information, thereby
improving both accuracy and inference efficiency in practical
applications.

II. RELATED WORKS

A. Cache Optimization for LLM

The autoregressive decoding nature of LLMs necessitates
the maintenance of a KV Cache to avoid redundant com-
putations. However, the linear growth of the KV cache with
sequence length imposes significant memory pressure and I/O
overhead, becoming a primary bottleneck for long-context
generation and system throughput. Current research to mitigate
this bottleneck can be categorized into three main trajectories:

Architectural Innovations: From a design perspective, meth-
ods like Multi-Query Attention (MQA) [14] and Grouped-
Query Attention (GQA) [15] reduce the number of KV heads
to shrink the cache footprint. Moreover, Multi-head Latent
Attention (MLA), introduced in DeepSeek-V2 [16], employs
low-rank compression to project KV vectors into a latent
space, further reducing memory requirements while maintain-
ing expressive power.

Dynamic Pruning and Eviction: Leveraging the sparsity
of attention distributions, strategies such as H20 [6] and
StreamingLLM [8] identify and retain only essential tokens.
While H20 focuses on high-contribution “heavy hitters,”
StreamingL.LM maintains “attention sinks” and recent window
tokens to achieve a constant cache size for infinite-length
generation.

Low-Bit Quantization: Quantization techniques like KIVI
[17] and various FP8/INT8 schemes [18] compress the numeri-
cal precision of KV pairs. These methods significantly reduce
the memory cost with minimal impact on model accuracy,
effectively breaking the physical memory limits of hardware.

B. Challenges in MLLMs

In MLLMs, the optimization of KV caches faces distinct
challenges due to the asymmetric information distribution
across modalities. Standard LLM pruning techniques often
fail to account for the dense, high-redundancy nature of
visual tokens compared to sparse textual tokens. Recent work
[9], [19] attempts to address this by observing cross-modal
attention patterns and prioritizing the eviction or merging of
visual tokens while preserving textual context. However, static
eviction policies for visual tokens may lack robustness across
diverse scenarios, particularly when processing dense textual
instructions alongside complex imagery. Unlike prior works

that rely on rigid modal priority, our proposed method consid-
ers the inherent redundancy within both text and image modal-
ities. By integrating the Transformer architecture’s capacity
for information filtering, our approach effectively retains task-
relevant information across varying contexts, demonstrating
superior performance in complex multimodal reasoning tasks.

III. METHOD

We propose a KV-Cache optimization method named BiKV
to reduce the storage overhead during multi-modal large
model inference while preserving the integrity of task-relevant
information. The overall framework of BiKV is illustrated
in Figure 2, and the method primarily consists of two core
modules: Adjacent-layer Token Reuse and Modality-Specific
Token Pruning.

A. Adjacent-Layer Reuse

To investigate the inter-layer redundancy of the model, we
randomly sample a small portion of data for each subtask and
perform a standard inference process on this subset. During
this process, we compute the similarity between each pair of
adjacent layers, measured specifically by the average Cosine
similarity between their key-value vectors. The inter-layer
similarity reflects, to some extent, the degree of information
redundancy, thus providing guidance for subsequent layer
reuse strategies. For attention layer pairs with high similarity,
we consider them to contain substantial redundant information,
and optimizing them will not lead to significant degradation
in model performance. Therefore, computational resources can
be effectively reduced by optimizing these components.

Let the key states and value states of the [-th layer be
K® ¢ R and V) e R™*dn | respectively, where n is
the sequence length and d, is the header’s dimensionality. We
first flatten the key-value vectors into a one-dimensional rep-
resentation and then employ the Cosine Similarity to measure
the feature similarity between two layers during the initial
inference phase:

S+ — %(Sim(K(l), K*D) + Sim(V©®, V<l+1>)) (1)

This similarity S(-!*1) characterizes the consistency be-
tween the two layers within the representation space. P =
{(l,141)|1=1,2,...,L—1},A high similarity between two
layers indicates that their contributions to downstream decod-
ing are highly overlapping, and repetitively storing their Key-
Value (KV) caches would lead to GPU memory redundancy.
The top-m most similar layer pairs are selected to construct
the reuse layer set, which provides guidance for eliminating
inter-layer redundancy during subsequent inference.

Prm = Top-m ;1 1)ep sty @)

For each dataset corresponding to a distinct task, we an-
alyze the reuse set by considering the top ¢ elements (¢ =
1,2,...,m). Specifically, we iteratively select the reuse pairs
with the highest occurrence frequencies and organize them
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Overview of the BiKV framework. BiKV consists of two functional modules. (a) For each layer of the model, execute one of the two methods:

(b) Modality-specific pruning (Pruning of visual tokens is illustrated; the same operation applies to text tokens); (c) Adjacent-layer reuse by directly reusing

the key-value pairs computed from lalst layer.

into a candidate reuse queue in descending order. Once the
reuse depth for a given experiment is determined, we extract
the top-ranked reuse pairs from this queue and adopt them as
the reuse strategy for that experiment.

Therefore, during the main inference phase, For these m
layer pairs, the KV of the subsequent layer is not redundantly
stored but directly reused from the preceding layer.

KD « KO v . vO vy i+1)eP, 3

This selective reuse strategy can significantly reduce re-
dundant storage while preserving the expressive power of the
information.

B. Modality-Specific Pruning

For layers without a reuse strategy, a considerable amount
of redundant information still remains to be optimized. Such
redundancy is mainly reflected in the key-value vectors within
the same layer, where features from different modalities often
exhibit overlapping information [8] [21], thereby introduc-
ing additional computational overhead during inference. To
address this issue, we propose a modality-based key-value
pruning method specifically designed for optimizing intra-
layer key-value pairs. This approach not only focuses on com-
pressing representations within each modality but also fully
accounts for the interactions between textual and visual infor-
mation. In particular, we design a mutual selection mechanism
between text tokens and visual tokens, where cross-modal
attention scores are leveraged to identify and preserve the
most contributive tokens while discarding those with limited

impact on downstream predictions. In this way, the method
effectively reduces redundant features while maintaining the
model’s representational capacity, thereby improving inference
efficiency.

For every layer that is not reused in the model, We denote
Ay € [0,1]F%Ev and A, € [0,1]Fv>*Lt as the visual-
text and text-visual cross-attention respectively and define the
bidirectional cross-modal attention of visual tokens and text
token as:

.
Ay = Softmax(QtKV ) ,
vd 4
QKT “4)
A,_, = Softmax [ = >
e

Such interaction highlights tokens with higher contributions
to cross-modal alignment.We select a token set 7y, according
to the above attention scores, retaining those with higher task
relevance and then retain the original text and image tokens
in proportions of « and 3, respectively.

71-<eep = TOP-CY( Z A’U%t)7
vl
Vkeep = TOP‘B( Z At%v)

Il

(&)

To guarantee robust inference performance, the complete
tail window Zecene s preserved, The optimized key-value index
Zop set is obtained by concatenating the resulting sequences:

Iopt = Concat<7ieep7 Vkeep, Lecent) 6)



TABLE I
PERFORMANCE COMPARISON OF DIFFERENT METHODS. SOME RESULTS ORIGINATE FROM MADAKYV [20].

Evaluation Subtasks

Method Average
TN IEdit MMCoQA STD ALFRED CLEVR-C DocVQA ST Ol
LLaVA-1.5-7B
Origin 9.68  7.98 335 16.32 15.42 16.62 46 66.5 485 28.95
StreamingLLM ~ 3.12  3.59 26 11.77 3.73 10.44 42.5 43 44 20.91
H20 2.5 5.51 28 15.73 14.86 14.07 44 63.5 44 25.8
SnapKV 327  6.03 29 14.82 14.4 15.37 45.5 64 455 26.43
LOOK-M 334  6.51 29.4 15.79 13.96 14.12 45.5 63 465 26.47
BiKV 938 5.16 29.5 17.5 17.31 17.34 46.5 67.5 48 28.61
LLaVA-1.5-13B
Origin 2438  9.05 40.5 15.62 18.36 16.12 46.5 755 47 32.56
StreamingLLM  7.81 2.63 28.5 14.05 1.72 6.55 46.5 68 47 24.75
H20 7.81 8.7 34.5 14.9 15.03 15.06 46.5 74 47 29.28
SnapKV 792 852 35 15.53 16.84 15.37 46 745 47 29.63
LOOK-M 10 8.77 37.5 15.46 15.25 14.12 47 74 47 29.9
BiKV 19.69 7.84 39 15.59 17.61 15.68 47 75 47 31.61
TABLE II
This strategy maintains long-range dependency modeling COMPARISON OF DIFFERENT CACHING METHODS.
while reducing storage redundancy. The experimental results -
indicate that th d dality- . trat Method Config Decoding Latency  Used Memory
indicate that the proposed modality-aware pruning strategy (ms/token) (GB)
effectlvely~ reduces memory usage and comput.atlonal cost. Full Cache ROCLD) 1095 78
The entire reasoning process can be summarized as follows:
Firstl imilarity iud ti f d. F f hich RO 21.63 0.77
‘irstly, a similarity judgment is performed. For cases of hig R (0.9.0.1) 2161 073
similarity, adjacent layer reuse is implemented. For non-reused R4 21.58 0.67
layers, we apply a pruning method based on cross-modal BiKV 09.02) 2175 077
attention. Finally, the optimized key-value pairs are obtained. ra (0802) 21.72 0.72
(0.9,0.1) 21.58 0.67
IV. EXPERIMENTS (0.8,0.1) 21.54 0.63

A. Experimental Setup

To evaluate the effectiveness of the proposed BiKV method,
we conduct experiments on MileBench [22], the first bench-
mark specifically designed for long-context scenarios, which
consists of multiple sub-tasks for simulating distinct settings.
Compared with other benchmarks [23] [24], it features richer
contextual information, longer textual sequences, and a greater
number of images, which makes it well-suited for evaluating
BiKV in real-world scenarios.

For our study, we select nine representative sub-tasks from
MileBench, including ALFRED, CLEVR-C, DocVQA [13],
Objectlnteraction(OI), IEdit, MMCoQA, Spot-the-Diff(STD),
SceneTransition(ST) and TextNeedleInAHaystack(TN), cov-
ering a diverse range of scenarios such as visual relation
reasoning, natural language understanding, image retrieval,
and document question answering, which comprehensively
evaluates the model’s capabilities in capturing visual de-
tails, generating responses, reasoning over complex scenarios,
achieving cross-modal consistency, and performing causal
inference. We evaluate BiKV using LLaVA-v1.5-7B/13B [25]
[26], and compare its performance against prior KV-cache
optimization approaches such as H20 [6], StreamingL.LM [8],
SnapKV [7], and LOOK-M [9], covering both unimodal and

multimodal settings. All experiments were conducted on RTX
4090D and vGPU-48GB.

B. Experiment Result

As shown in Table I, From the perspective of overall
average performance, BiKV is able to maintain performance
comparable to, and in some cases slightly superior to, that of
the original model even after applying memory optimization.
This demonstrates that BiKV effectively balances inference
efficiency and overall model performance while substantially
reducing KV storage requirements. At the level of individual
subtasks, BiKV exhibits particularly strong performance on
multiple vision—language understanding tasks that heavily rely
on fine-grained image—text interactions. Under both the 7B and
13B model configurations, BiK'V consistently achieves the best
or second-best results among compression methods, indicating
that it does not merely preserve performance but can even
yield performance gains on certain tasks through more efficient
information retention mechanisms. Compared with methods
that optimize only a single modality, BiKV demonstrates clear
advantages across nearly all subtasks, especially in cross-
modal reasoning scenarios. This suggests that KV pruning
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Fig. 4. The results under different compression rates.

strategies based solely on textual information or local context
are prone to discarding critical cues, whereas BiKV’s bimodal
redundancy elimination strategy better preserves discrimina-
tive cross-modal context. Furthermore, although LOOK-M
leverages textual priors and achieves moderate improvements
on some tasks, BiKV consistently outperforms it in overall
performance as well as on the majority of subtasks. This
advantage can be attributed to BiKV’s bidirectional selection
mechanism between text and image tokens, which jointly
integrates query and contextual information and thus enables
more comprehensive modeling of cross-modal dependencies.
Overall, the experimental results further confirm that, for KV
compression in multimodal large models, explicitly modeling
the heterogeneity and interactions across different modalities is
crucial for achieving efficient and high-performance inference.

In Table II, we present the effectiveness analysis of the
BiKV method. Compared with the full-cache baseline, BiKV
consistently reduces inference latency to around 21 ms/token,
while lowering memory consumption from 1.78 GB to below
0.77 GB. This demonstrates that our approach not only nearly
doubles the decoding speed but also significantly decreases
the memory requirements during inference. Specifically, the
ALR mechanism effectively mitigates cross-layer redundancy,

TABLE III
PERFORMANCE COMPARISON OF DIFFERENT KV COMPRESSION METHODS
ON QWEN2.5VL-7B.

Qwen2.5VL | ALFRED CLEVR-C IEdit ST STD
Origin 37.53 42.46 2945 63.00 28.36
Streaming LLM 34.07 27.58 2512 59.00 26.14
H20 37.78 36.03 29.13  61.50 26.79
SnapKV 37.41 39.41 29.25 60.00 26.54
Look-m 36.66 38.66 28.73  61.50 2897
BiKV 36.73 42.54 30.64 61.50 27.53
TABLE IV

ABLATION STUDY OF THE EFFECT OF TWO INDIVIDUAL MODULES.

ALR MSP | ALFERD ST DocVQA
X X 15.42 66.5 46
v X 15.93 67.5 45.5
X v 17.15 68.5 46
v v 17.31 67.5 46.5

leading to substantial memory savings, while MSP further
eliminates redundancy by balancing the retention of text and
visual tokens. By combining these two strategies, BiKV com-
presses GPU memory usage and halves the decoding latency,
confirming its effectiveness for efficient multimodal inference.

To further validate the effectiveness of our proposed method
BiKV across different model families, we conduct additional
experiments on the Qwen2.5VL [5] model using several rep-
resentative benchmarks, as summarized in Table III. Overall,
BiKV demonstrates consistently strong performance compared
with other methods. Specifically, BiKV achieves the best or
near-best results on challenging benchmarks such as ALFRED,
CLEVR-C, and IEdit, indicating its superior ability to preserve
critical visual and linguistic information under KV compres-
sion. Compared to the Origin and Streaming LLLM baselines,
BiKV maintains competitive accuracy while benefiting from
more efficient memory usage. Moreover, when compared with
other compression strategies, BiKV shows a clear advantage in
overall robustness, particularly on CLEVR-C and IEdit, where
reasoning over long contexts is essential. These results suggest
that BiKV generalizes well to the Qwen2.5-VL model series
and effectively balances efficiency and performance, further
confirming the reliability and applicability of our approach
across different vision-language architectures.

C. Ablation Study

We conduct an ablation study to examine the roles of ALR
and MSP in the optimization process. As shown in Table IV,
applying ALR alone reveals that inter-layer redundancy has a
notable impact on inference. Reusing highly similar key-value
pairs effectively reduces such redundancy without degrading
performance. In contrast, applying MSP alone demonstrates
that pruning based on cross-modal attention is highly ef-
fective in filtering intra-layer redundancy, thereby enhancing
the model’s ability to capture salient multimodal interactions.
This demonstrates that the two strategies are complementary:



ALR reduces redundancy across layers, while MSP focuses on
intra-layer token efficiency. We also investigate the impact of
different numbers of reuse layers and compression rates on the
model’s performance scores. As shown in Figure 3 and Figure
4, this analysis will guide us in adopting different parameter
configurations for specific subtasks or application scenarios,
aiming to achieve an optimal balance between performance
and resource consumption.

We generally recommend setting the number of reused
layers to 1-3, with the compression ratios for text and image
tokens set to 0.7-0.9 and 0.1-0.3. However, certain subtasks are
not sensitive to the number of reused layers or the compression
ratio (as shown in Figure 3, CLEVR-C and ALFRED exhibit
no significant performance degradation even with more reused
layers, indicating a high similarity between the original and
reused key-value pairs). Therefore, this configuration can be
dynamically adjusted according to the specific characteristics
of each subtask.

V. CONCLUSION

In this work, we propose BiKV, a KV-Cache optimization
method designed for long-context scenarios in multi-modal
large models. By eliminating information redundancy from
two dimensions, this approach facilitates the interaction and
alignment of information across different modalities. Exper-
imental results demonstrate that BiKV significantly reduces
storage overhead while maintaining stable model performance
and without significant degradation.
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