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Abstract

Recent advancements in Large Visual Language Models
(LVLMs) have gained significant attention due to their re-
markable reasoning capabilities and proficiency in gener-
alization. However, processing a large number of visual
tokens and generating long-context outputs impose sub-
stantial computational overhead, leading to excessive de-
mands for key-value (KV) cache. To address this critical
bottleneck, we propose AirCache, a novel KV cache com-
pression method aimed at accelerating LVLMs inference.
This work systematically investigates the correlations be-
tween visual and textual tokens within the attention mecha-
nisms of LVLMs. Our empirical analysis reveals consider-
able redundancy in cached visual tokens, wherein strate-
gically eliminating these tokens preserves model perfor-
mance while significantly accelerating context generation.
Inspired by these findings, we introduce an elite observa-
tion window for assessing the importance of visual com-
ponents in the KV cache, focusing on stable inter-modal
relevancy modeling with enhanced multi-perspective con-
sistency. Additionally, we develop an adaptive layer-wise
budget allocation strategy that capitalizes on the strength
and skewness of token importance distribution, showcasing
superior efficiency compared to uniform allocation. Com-
prehensive evaluations across multiple LVLMs and bench-
marks demonstrate that our method achieves comparable
performance to the full cache while retaining only 10%
of visual KV cache, thereby reducing decoding latency by
29% to 66% across various batch size and prompt length
of inputs. Notably, as cache retention rates decrease, our
method exhibits increasing performance advantages over
existing approaches.

1. Introduction
The past few years have witnessed remarkable ad-

vancements in Large Visual-Language Models (LVLMs)
[1, 6, 16, 22, 23, 32, 35, 36], both in research and prac-
tical applications. Although LVLMs exhibit increasingly
advanced visual processing capabilities, such as handling
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Figure 1. Illustration of our motivation. (a) An example of atten-
tion maps during the decoding process of LLaVA-OV-7B [16]. (b)
Partial visual attention maps obtained using all text tokens as the
observation window. (c) Using the last 16 text tokens as the ob-
servation window. (d) Using the last 16 visual tokens as the obser-
vation window. (e) Using the proposed method as the observation
window, demonstrating more consistent attention distribution.

high-resolution, multiple images, and video sequences,
these improvements entail substantial computational costs.
The exponential increase in visual tokens, coupled with the
demands of long-context generation tasks, results in unsus-
tainable memory overhead from key-value (KV) cache stor-
age [30]. This not only significantly increases GPU memory
consumption but also severely degrades computational effi-
ciency due to heightened memory bandwidth contention.

Recent approaches [5, 13, 14, 19, 39, 42] aim to prune vi-
sual tokens during inference, which can be categorized into
token pruning and KV cache compression. Token pruning
[11, 13, 14, 18, 20, 39] involves reducing visual tokens dur-
ing the prefill phase, which decreases both the number of
tokens processed in subsequent transformer layers and the
tokens stored in the KV cache. Although it significantly
enhances inference speed, the aggressive elimination of vi-
sual tokens during prefill leads to a substantial loss of vi-
sual information, severely degrading model performance.
KV cache compression [19, 21, 25, 34, 42] reduces token
solely during the decoding phase by pruning stored data in
the KV cache. This technique has been extensively vali-
dated in LLMs. Since all tokens undergo a complete for-
ward pass and the causal attention mechanism in LLMs dif-
ferentiates the importance distribution among tokens, selec-
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tively deleting certain tokens has minimal impact on model
performance. These methods typically assess the impor-
tance of visual tokens by evaluating their strength or spar-
sity within the attention maps computed under the causal
attention mechanism. Given the strict unidirectionality of
causal attention, using cross-modality attention scores be-
tween instruction tokens and visual tokens provides a more
comprehensive evaluation of visual token importance than
using full attention scores. Moreover, we observe signifi-
cant variations in the distribution of visual token strength
across different layers, indicating that uniformly allocating
the budget is not the optimal strategy.

To address the aforementioned issues, we propose Air-
Cache, a novel KV cache compression method designed for
efficient LVLMs inference. AirCache comprises two main
components: visual token importance scoring and layer-
wise KV cache budget allocation. To effectively evaluate
the importance of visual tokens in the KV cache, we in-
troduce an elite observation window that selects critical in-
struction tokens by leveraging self-attention scores among
instruction tokens rather than using all or continuous lo-
cal instruction tokens. As illustrated in Figure 1, com-
pared to mainstream methods that assess visual token im-
portance based on observation windows guided by all or
partial text instruction tokens, the elite observation window
demonstrates stronger consistency. Most text tokens within
the elite observation window tend to provide more similar
evaluations for the same visual token, thereby enhancing
the effectiveness and stability of subsequent voting-based
ranking. We further propose to quantify the compression
budget for different layers from two perspectives. The first
aspect is the emphasis a layer places on visual information,
measured by the sum of attention allocated to all visual to-
kens, as well as the strength of importance score distribu-
tion. Additionally, analysis of attention distributions across
layers reveals a distinct head effect, where a few visual to-
kens receive high importance scores, while the majority ex-
hibit mediocre and average importance characteristics. Our
experimental results show that preserving only 10% of the
important visual KV cache results in less than 1% average
model performance degradation, corroborating the signifi-
cant head effect in the importance distribution of visual to-
kens. Combining these two aspects, we allocate the budget
for visual KV cache based on both the strength and skew-
ness of importance scores distributions.

Our primary contributions include: (1) We conduct a
comprehensive and detailed exploration of the differences
in inter-modal relevancy patterns based on attention inter-
action in evaluating visual KV cache importance. We in-
troduce an elite observation window with carefully selected
key textural instruction tokens to achieve more effective and
stable importance evaluations. (2) We propose to quantify
the differentiated compression budget allocation across dif-

ferent layers using the strength and skewness of the impor-
tance scores distribution, based on the prominence of visual
information and the efficacy of attention allocation. (3) Ex-
perimental results on widely used LVLMs and benchmark
datasets demonstrate that the proposed method achieves su-
perior performance compared to other existing methods.

2. Related Work

Visual Token Pruning. Visual token pruning [4, 5, 12,
13, 20, 39] accelerates model inference by reducing visual
tokens during the prefill phase. BLIP-2 [17] and Qwen-
VL [1] employ cross-attention with learnable query em-
beddings to aggregate input visual tokens, while HoneyBee
[4] and MobileVLM [7] use convolutional neural networks.
These approaches necessitate model retraining, which sig-
nificantly increases migration costs. In contrast, methods
like [5, 39] introduce no extra parameters but leverage atten-
tion maps to score and evict visual tokens based on impor-
tance. IVTP [13] implements two-stage pruning by delet-
ing tokens in both Vision Transformer (ViT) and LLM, en-
abling text-guided pruning through instruction integration.
However, it is important to note that visual token pruning
inevitably leads to visual information loss by discarding to-
kens prior to or within early layers, thereby substantially
degrading model performance.

KV cache compression. KV cache strategies accelerate
inference by storing the key and value states of previous to-
kens, thereby avoiding redundant computations during de-
coding. However, as the number of tokens increases, the
pressure on memory and bandwidth also rises, limiting the
model’s application in long content understanding or gener-
ation. To address this challenge, mainstream methods pri-
marily focus on two directions: intra-layer KV cache prun-
ing [15, 29, 40] and inter-layer compression budget alloca-
tion [21, 38]. H2O [42] and SnapKV [19] propose evict-
ing tokens in the KV cache using global and local cumu-
lative attention scores, while PyramidKV [3] constructs a
pyramid-like hierarchical budget allocation to achieve more
refined KV cache compression management. The input to
LVLMs is a cross-modal construct primarily composed of
visual tokens with auxiliary text tokens, necessitating addi-
tional consideration of the impact of different modality dif-
ferences when extending KV cache compression to LVLMs.
Elastic [25] merges non-critical tokens with important to-
kens, PrefixKV [34] introduces an adaptive layer-wise KV
retention recipe based on binary search for maximal preser-
vation of contextual information. VL-Cache [33] utilizes
visual token sparsity for layer-wise budget allocation and
token eviction through dedicated scoring policies.



Figure 2. The left panel illustrates the inference workflow of standard LVLMs. The proposed method integrates during the KV cache
storage process following the prefill stage, maintaining compatibility with mainstream LVLMs architecture. The right panel presents the
overview of AirCache. We first employ self-attention across the instruction text tokens to identify the key text tokens, establishing an elite
observation window for assessing visual token significance. We further reallocate the compression budgets between layers based on the
strength and skewness of the importance distribution. Finally, pruning is applied to the KV cache according to the importance ranking of
visual tokens in the KV Cache and the compression budget to obtain the final compressed KV cache.

3. Methodology
3.1. Preliminary

Similar to most LLMs, the inference process of LVLMs
is primarily divided into prompt prefill and token decoding.
Prompt Prefill. Given the hidden states X ∈ RN×D of
the input prompt, where N is the total number of visual and
text prompt tokens, and D denotes hidden dimension. We
simplify the expression by omitting the indices of the head
and layer of the hidden states. The query, key, and value
states of the attention block can be represented as:

Q = XWQ, K = XWK , V = XWV , (1)

where WQ,WK ,WV ∈ RD×D are learnable projection
matrices. Following the completion of the attention interac-
tion, the key and value are stored in the KV cache to support
subsequent token generation.
Token Decoding. In this stage, the model efficiently gener-
ates new tokens by iteratively utilizing and updating the KV
cache. Specifically, during the ith iteration, we only need to
compute the key and value associated with the newly gener-
ated token xi ∈ R1×D. By employing cache indexing, the
model avoids recomputing the key and value for tokens that
have already been processed. Subsequently, the KV cache
is updated with the newly computed key and value for the
latest token:

K = Concat (K,xiWK) ,V = Concat (V,xiWV ) . (2)

Although the KV cache mitigates the issue of redundant
computation during the decoding process, its characteristic
of linear growth in computational requirements relative to
the length of the input sequence poses challenges regarding
latency and memory usage, especially in scenarios involv-
ing longer inputs or outputs. This issue is further exacer-
bated as recent LVLMs tend to prioritize high-resolution,
high-frame-rate visual inputs.

3.2. Overview

The AirCache is primarily divided into two components.
The first component evaluates the significance of visual to-
kens based on the elite observation window. Section 3.3
details how to optimize the relevancy between visual and
language modalities to guide the compression of the visual
segment in the KV cache. The second component quantifies
the KV cache budget requirements across various layers by
analyzing the overall strength and skewness of the impor-
tance score distribution, thereby facilitating dynamic layer-
wise KV cache budget allocation, as elaborated in Section
3.4. The architecture and algorithm underlying the method
are illustrated in Figure 2 and Algorithm 1.

3.3. Elite Observation Window

In LVLMs, the presence of multiple modalities compli-
cates the selection of observation windows, suggesting that
adhering to the relevant practices established in LLMs may
not be optimal. For instance, as illustrated in Figure 1, the
visual token importance measures derived from the contin-
uous last segment of the prompt exhibit poor consistency.
This variability indicates that different text tokens within
the observation window yield significantly diverse visual
tokens importance distributions. Consequently, the hit rate
statistics derived from the voting mechanism are prone to
substantial noise, and the disparities among modalities may
further amplify this noise interference. Based on this con-
sideration, we propose refining the observation windows by
incorporating carefully selected text tokens. By utilizing the
attention hit rate within the text modality, we aim to enhance
the consistency of visual token evaluation, thereby improv-
ing the performance of KV cache compression. To this end,
we reorganize the hidden states of the input prompt by:

X = Concat(Xv,Xt) ∈ R(Nv+Nt)×D, (3)
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Figure 3. (a) The strength of the distribution of visual token importance scores across different layers, which is defined as the sum of all
visual token importance scores. (b) Performance with selecting only one visual token each time based on the sorted results of visual token
importance scores, the index of 0 indicates the setting of removing all visual tokens. (c) The distribution of visual token importance scores
across different layers, with only selected layers displayed for clarity. All results are derived from LLaVA-OV-7B [16] on the ChatQA [26].

where Xv and Xt represent the hidden states corresponding
to visual tokens and instruction text tokens, respectively. Nv

and Nt denote the respective quantities of these tokens, sat-
isfying the condition Nv + Nt = N . For convenience, the
system prompts are omitted. We compute the text unimodal
attention matrix composed of instruction text tokens as:

Att = Softmax

(
QtK

T
t√

D

)
∈ RNt×Nt , (4)

where Qt and Kt denote the query and key of the text to-
kens, respectively. Considering the characteristics of causal
attention, we select the last token of the instruction text as
reference and filter out key text tokens that receive high at-
tention scores based on their interactions with other text to-
kens. Consistent with [42], we employ a relevance thresh-
old to regulate the sparsity of key text tokens:

k = {j | Att[Nt − 1, j] ≥ α ·maxAtt [Nt − 1, :]} , (5)

where α ∈ [0, 1] represents the relevance threshold, and
j ∈ {0, 1, . . . , Nt − 1} is the index of the text token. When
α is equal to 0, all text tokens are retained, and when α
is equal to 1, only the text token with the highest score is
preserved. We redefine the key for the aggregated visual
tokens and key text tokens as Kvtk , along with the query
corresponding to the key text tokens Qtk , as follows:

Qtk = Qt[k] ∈ RNtk
×D,

Kvtk = Concat(Kv,Kt[k]) ∈ R(Nv+Ntk
)×D,

(6)

where Kv represents the key of the visual token, and Ntk

denotes the number of selected key text tokens. Further-
more, the attention matrix between the visual tokens and
the key text tokens can be computed as follows:

Avtk = Softmax

(
QtkK

T
vtk√

D

)
∈ RNtk

×(Nv+Ntk
). (7)

The elite observation window, comprising only these key
text tokens, offers a more comprehensive and focused se-
mantic representation compared to those formed by all text

tokens or fixed continuous sequences. It provides enhanced
stability and accuracy in assessing the importance of visual
tokens. The final importance scores of the visual tokens can
be obtained by performing average pooling of the attention
matrix along the text dimension:

Iv =
1

Ntk

Ntk
−1∑

j=0

Avtk [j, : Nv]. (8)

By sorting the importance scores, the KV cache of visual
tokens with lower rankings can be discarded in accordance
with the compression budget. Furthermore, the elite obser-
vation window we employ exhibits reduced computational
complexity, and the additional overhead of key text token
selection is negligible in visual token-heavy LVLMs.

3.4. Layer-wise KV Cache Budget Allocation

We further investigate the characteristics of the visual to-
ken importance score distribution based on the elite obser-
vation window across various layers. Specifically, we con-
sider the sum of the importance scores of all visual tokens
as an indicator of the layer’s attention to visual information.
As illustrated in Figure 3(a), there is a significant disparity
in the attention given to visual tokens across different lay-
ers. This observation highlights the necessity of performing
layer-wise token budget allocation, where layers dedicating
more attention to visual information merit a larger token
budget. As shown in Figure 3(b), we select one visual to-
ken at a time based on the importance scores. It can be
observed that only approximately 10% of all visual tokens
have a significantly positive impact on the final result. This
suggests a head effect in the model’s attention distribution
over visual tokens, with a small subset receiving higher at-
tention, while the majority have lower and more balanced
scores. Extending to the importance distribution across dif-
ferent layers in Figure 3(c), it shows significant differences
in importance distribution among the layers, particularly
regarding the head effect of visual tokens. Consequently,



we aim to allocate a larger token budget to the layers that
demonstrate a pronounced head effect in their visual tokens
importance distribution. This indicates a more accurate and
nuanced understanding of the visual content by those layers.

As aforementioned, we quantify the allocation of visual
token budget across different layers from two perspectives:
the strength and skewness of the importance distribution.
The strength of the importance distribution is calculated as:

st =

Nv−1∑
i=0

Iv[i]. (9)

We exclude the attention between text tokens and instead
aggregate the attention scores between text tokens and all
visual tokens to quantify the importance of visual informa-
tion in each layer. The greater the importance, the more
budget is allocated. Meanwhile, we use the skewness of
importance distribution to assess how effectively each layer
aligns with the distribution characteristics of attention to vi-
sual tokens:

sk =
Nv

(Nv − 1)(Nv − 2)

Nv∑
i=1

(
Iv[i]− µIv

σIv

)3

, (10)

where µIv and σIv represent the mean and standard devia-
tion of the importance as well as attention scores distribu-
tion of visual tokens, which essentially reflect the distribu-
tion of attention scores. Ultimately, the reallocated token
budget integrates these factors into the original budget r:

r̂ =
1

2
(s

′

t + s
′

k)r. (11)

where s
′

t and s
′

k represent the normalized strength and
skewness across different layers, respectively.

4. Experiments
4.1. Setup

Models. The selection of LVLMs is primarily based on two
criteria: model architecture and parameter size. In terms of
architecture, the objective is to validate the effectiveness of
the proposed method across various architectures, including
LLaVA-OV-7B [16], InternVL2-8B [6], and Qwen2-VL-7B
[35]. These models exhibit significant differences in visual
token encoding, ViT, and LLM. For example, both LLaVA-
OV-7B [16] and InternVL2-8B [6] utilize the AnyRes strat-
egy with distinct ViT to increase the number of visual to-
kens, while Qwen2-VL-7B [35] supports native resolution
with a large quantity of visual tokens. In terms of param-
eter size, models of InternVL2 series are selected for their
diverse range of parameter scales, including InternVL2-1B
[6], InternVL2-4B [6], and InternVL2-26B [6]. Due to
space constraints, results for this section are provided in
the appendix. Additionally, LLaVA-Video-7B-Qwen2 [41]
serves as the base model for the video tasks evaluation.

Algorithm 1 AirCache for KV Cache Compression.
1: Input: Total cache budget r, key, query, value of text prompt

tokens Kt, Qt, Vt ∈ RNt×D , key, query, value of visual
prompt tokens Kv , Qv , Vv ∈ RNv×D , number of layers L.

2: for layer l← 0 to N − 1 do
3: Att ← Softmax

(
QtK

T
t√

D

)
4: Obtain the index of key text tokens k using Eq. (5).
5: Qtk ,Kvtk ← Qt[k],Concat(Kv,Kt[k])

6: Avtk ← Softmax

(
Qtk

KT
vtk√

D

)
7: Iv ← 1

Ntk

∑Ntk
−1

j=0 Avtk [j, : Nv] ▷ Importance Scores

8: st ←
∑Nv−1

i=0 Iv[i] ▷ Strength

9: sk ← Nv
(Nv−1)(Nv−2)

∑Nv
i=1

(
Iv [i]−µIv

σIv

)3

▷ Skewness

10: Cl ← ({(Kv,Kt), (Vv, Vt), (Iv, st, sk)})
11: end for
12: for layer l← 0 to N − 1 do
13: Kv,Kt, Vv, Vt, Iv, st, sk ← Cl

14: s
′
t, s

′
k ← st, sk ▷ Normalized Across Different Layers

15: r̂ = 1
2
(s

′
t + s

′
k)r ▷ Obtain Layer-wise Budget

16: K
′
← Concat(Kv(I[Nv × r̂]),Kt) ▷ Compress Key

17: V
′
← Concat(Vv(I[Vv × r̂]), Vt) ▷ Compress Value

18: Cl ← ({K
′
, V

′
})

19: end for
20: Return: C ▷ Compressed KV Cache

Datasets. The performance is primarily evaluated across
four types of datasets: 1) Visual Question Answering
(VQA) datasets, which include ChatQA [26], InfoVQA
[27], DocVQA [28], and TextVQA [31]. Since KV
cache compression mainly affects the decoding stage, VQA
datasets that require longer output tokens are preferred for
evaluating the method’s efficacy. The similarity between
generated and reference answers is typically measured by
the Average Normalized Levenshtein Similarity (ANLS)
metric [2]. 2) Multiple-choice question datasets, such as
MMBench-EN [24], involves selecting the correct option
from several choices, with accuracy serving as the ultimate
metric. 3) Judgment datasets like MME [10], also utilize
judgment accuracy as the evaluation criterion. 4) Video
VQA datasets, such as MMBench-Video [9], measure the
alignment between generated and reference answers using
metrics provided by a large model evaluator.
Baselines. The comparison focuses on two main cate-
gories of methods. The first category encompasses classic
and prominent KV cache compression techniques in LLMs,
such as H2O [42], and SnapKV [19]. The second cate-
gory comprises methods specifically optimized for LVLMs,
namely PrefixKV [34] and Elastic Cache [25]. H2O [42]
employs a full-range approach, while SnapKV [19] adopts
a window-based strategy using textual tokens as the obser-
vation window for evaluating token importance. PrefixKV
[34] utilizes the Lorenz curve to characterize the impor-



Table 1. The comparison of the KV cache compression methods on multimodal VQA benchmarks. The best result is highlighted in bold.
ChatQA [26] InfoVQA [27] DocVQA [28] TextVQA [31]Models Methods 50% 10% 5% 1% 50% 10% 5% 1% 50% 10% 5% 1% 50% 10% 5% 1%

Full 80.3 80.3 80.3 80.3 66.1 66.1 66.1 66.1 87.0 87.0 87.0 87.0 76.0 76.0 76.0 76.0
H2O [42] 79.8 77.4 74.0 71.0 65.4 59.2 54.2 52.0 86.4 74.2 60.8 55.3 75.5 70.1 67.9 60.4

Elastic [25] 80.0 77.9 76.5 71.0 65.3 60.5 57.2 52.0 86.6 74.2 60.8 55.3 75.5 72.0 68.7 60.2
PrefixKV [34] 80.1 78.2 76.8 70.9 65.4 61.1 58.0 51.9 86.6 80.5 74.7 55.4 75.8 72.7 70.0 60.2
SnapKV [19] 80.1 79.3 78.3 72.9 66.1 64.2 63.0 57.8 86.9 84.4 80.6 64.1 75.8 73.4 69.5 58.2

LLaVA-OV-7B [16]

Ours 80.4 79.9 79.4 76.4 66.0 65.7 64.6 62.5 86.8 85.5 83.3 73.2 76.0 75.3 73.4 67.1
Full 82.2 82.2 82.2 82.2 73.0 73.0 73.0 73.0 91.0 91.0 91.0 91.0 77.7 77.7 77.7 77.7

H2O [42] 81.9 81.6 79.3 76.8 72.3 70.6 65.1 61.2 90.5 79.4 70.3 48.9 77.1 70.0 66.0 59.6
Elastic [25] 81.8 81.0 79.4 76.8 72.3 67.0 65.1 60.8 90.5 79.4 70.3 53.5 77.0 70.2 66.0 59.0

PrefixKV [34] 81.9 80.7 79.3 76.7 72.3 67.4 65.3 61.0 90.6 79.5 70.2 55.1 77.1 70.3 66.2 58.6
SnapKV [19] 82.2 80.4 79.5 75.0 72.8 72.3 68.4 64.9 90.9 90.1 83.5 71.1 77.4 73.9 71.0 61.7

InternVL2-8B [6]

Ours 82.2 81.7 81.0 78.4 73.2 72.6 71.8 68.2 91.0 90.0 88.5 78.5 77.5 77.0 75.4 68.6
Full 83.2 83.2 83.2 83.2 76.2 76.2 76.2 76.2 93.8 93.8 93.8 93.8 84.4 84.4 84.4 84.4

H2O [42] 83.2 78.9 75.0 66.4 75.4 65.7 61.0 55.1 90.5 82.3 70.7 48.9 84.2 75.6 68.2 54.5
Elastic [25] 83.2 79.7 75.4 68.0 75.5 67.1 62.3 55.5 93.5 83.0 71.9 49.2 84.2 76.7 68.8 54.4

PrefixKV [34] 83.2 79.4 75.9 68.0 75.7 67.9 62.7 55.7 93.7 83.7 72.8 49.8 84.2 76.9 69.4 54.3
SnapKV [19] 83.3 81.6 80.0 69.1 76.3 74.9 73.0 66.2 93.7 87.2 87.1 71.2 84.3 83.1 74.6 60.2

Qwen2-VL-7B [35]

Ours 83.4 82.3 80.8 75.9 76.2 75.2 74.5 70.7 93.8 92.9 90.9 78.3 84.4 83.4 80.9 68.6

Table 2. Performance comparison on other types datasets. Best-
performing results are highlighted in bold.

Methods MMBench-EN [24] MME [10] MMBench-Video [9]

50% 10% 1% 50% 10% 1% 50% 10% 1%
Full 82.3 82.3 82.3 1585 1585 1585 1.81 1.81 1.81

H2O [42] 0.82 0.82 0.82 1585 1585 1585 1.66 1.63 1.47
Elastic [25] 0.82 0.82 0.82 1585 1585 1585 1.68 1.62 1.51

PrefixKV [34] 0.82 0.82 0.82 1585 1585 1585 1.72 1.68 1.50
SnapKV [19] 0.82 0.82 0.82 1585 1585 1585 1.75 1.70 1.55

Ours 0.82 0.82 0.82 1585 1585 1585 1.80 1.78 1.67

tance distribution across different layers, guided by the re-
tained important KV matrix. Elastic Cache [25] employs
a fixed-point elimination strategy for the token importance
with cache merging. All KV cache compression methods
are applied exclusively to the visual tokens, as experiments
have demonstrated that it offers greater stability and better
performance compared to compressing the entire tokens.
Implementation details. All evaluation results are derived
from VLMEvalKit [8], which is an open-source evaluation
toolkit for LVLMs. The relevance threshold in Equation 5
is set to 0.9. The referee model for MMBench-Video [9] is
Qwen2.5-72B [37]. The proposed method performs a one-
time KV cache compression only after the prefill stage is
completed. Specifically, once the prefill ends for each layer,
the complete KV cache is fully saved. After computing all
layers, we then calculate the budget for each layer and com-
press the KV cache accordingly. All experiments are con-
ducted on 8×A100-80G GPUs.

4.2. Main Results

We report the results in four sections: VQA datasets,
other types of datasets including multiple-choice questions,
judgment, and video VQA, inference performance, and the
comparison with token pruning methods.
VQA datasets. Table 1 presents the comparative results
on the ChatQA [26], InfoVQA [27], DocVQA [28], and
TextVQA [31] datasets. These datasets encompass tasks
such as conventional image question answering, image in-

formation extraction, document image understanding, and
text recognition within images. It can be observed that the
proposed method achieves the best results under most re-
duction ratios. When 50% of visual KV cache is pruned,
our method performs almost equivalently to the full KV
cache, indicating near lossless performance. Even when re-
duced to only 10% of visual KV cache, the performance
gap with the full cache is limited to approximately 1%.
As the token compression ratio increases, the advantage
of the proposed method becomes more pronounced. For
instance, when only 1% of visual tokens are retained, we
outperform SnapKV [19] by an average of 6.5% across
four VQA datasets with the LLaVA-OV-7B [16]. More-
over, the performance differences across different types of
VQA datasets indicate that image documents or text un-
derstanding, which require higher local visual perception,
have stricter demands on KV cache compression than gen-
eral image understanding. The proposed method demon-
strates a more significant advantage over other methods
with these datasets, providing strong evidence of its supe-
riority. Furthermore, the above conclusions also apply to
different LVLMs, we achieves a significant advantage with
InternVL2-8B [6] and Qwen2-VL-7B [35].
Other types datasets. Table 2 presents the results of var-
ious methods on other types of multimodal datasets. For
datasets involving multiple-choice questions and judgment
types, such as MMBench-EN [24] and MME [10], the final
result heavily depends on the accuracy of decoding the first
token. Since the KV cache only influences the tokens de-
coded after the initial token, all methods achieve the same
performance as the full KV cache for these types of datasets.
The results from the MMBench-Video [9] dataset indicate
that our proposed method achieves superior performance,
further demonstrating its generality and superiority.
Inference efficiency. We maintain a constant output token
count of 512 and compare the full cache with the proposed



Table 3. Quantitative results on inference latency and throughput. The number of tokens output is consistently set to 512.
Prefill Latency (s) Decoding Latency (s) Throughput (token/s)

Batch Size Prompt Length Full Ours Full 50% 10% Full 50% 10%
2k 1.6 1.8+12.5% 11.6 9.4−19.0% 8.2−29.3% 353 436+23.5% 500+41.6%

8k 4.9 5.3+8.2% 15.0 11.9−20.7% 9.4−37.3% 273 344+26.0% 436+59.7%

16k 11.3 11.9+5.3% 21.7 15.0−30.9% 10.4−47.5% 189 273+44.4% 394+108.5%
8

32k 25.2 26.4+4.8% 35.9 22.0−38.7% 12.3−65.7% 114 186+63.2% 333+192.1%

2k 2.3 2.5+8.7% 14.4 11.2−22.2% 9.7−32.6% 569 731+28.5% 845+48.5%

8k 9.4 9.8+4.3% 22.6 15.6−31.0% 11.8−47.8% 362 525+45.0% 694+91.7%16
16k 20.3 21.4+5.4% 36.9 23.0−37.7% 12.8−65.3% 222 356+60.4% 640+188.3%

Table 4. Performance comparison with token pruning methods under various compression ratio. The prefill and decoding latency are
measured under the settings of batch size of 16, total input token of 8k, and the compression ratio of 10%.

Methods ChatQA [26] MMBench-EN [24] MME [10] MMBench-Video [9] Latency (s)

50% 10% 1% 50% 10% 1% 50% 10% 1% 50% 10% 1% Prefill Decoding
Full 80.3 80.3 80.3 82.3 82.3 82.3 1585 1585 1585 1.81 1.81 1.81 9.4 22.6

FastV [5] 73.6 47.7 16.9 81.4 74.8 33.6 1574 1378 786 1.69 1.36 1.02 5.4 11.7
FasterVLM [39] 75.5 50.1 18.8 81.4 77.0 26.5 1559 1441 731 1.71 1.42 1.17 5.2 11.3

IVTP [13] 74.9 55.8 22.5 81.7 77.5 36.2 1563 1469 849 1.70 1.47 1.24 5.8 12.6
Ours 80.4 79.9 76.4 82.3 82.3 82.3 1585 1585 1585 1.79 1.72 1.60 9.8 11.8

AirCache across different batch sizes and input token counts
in terms of prefill latency, decoding latency, and through-
put. To facilitate testing, the text instruction token count
is set to 64. As shown in Table 3, the proposed method
significantly improves inference decoding speed under var-
ious inputs compared to the full cache. When compressing
50% of the visual KV cache, the proposed method mini-
mally impacts model performance and prefill latency, while
reducing decoding latency by 19% to 39% and increasing
model throughput by 24% to 63%. When compressing 10%
of the visual KV cache, the proposed method slightly de-
creases model performance by less than 1%, while further
reducing decoding latency by 29% to 66% and increasing
model throughput by 42% to 192%. These results demon-
strate that our proposed method can maintain strong model
performance while ensuring significant decoding accelera-
tion, indicating the effectiveness of visual token importance
assessment and hierarchical budget allocation.
Compared with token pruning methods. In addition to
KV cache compression, another important method for ac-
celerating LVLMs inference is to prune visual tokens before
the prefill stage. Table 4 compares the proposed method
with these type of acceleration methods, including FastV
[5], FasterVLM [39], and IVTP [13]. A notable charac-
teristic is that the token pruning methods exhibit acceler-
ation effects during the prefill stage as they preemptively
prune visual tokens. In contrast, all KV cache compres-
sion methods, including the proposed approach, demon-
strate prefill stage inference speeds comparable to those of
the full cache. However, comparisons across various eval-
uation sets clearly show that the proposed method achieves
an absolute advantage, particularly on VQA datasets, even
when retaining only 1% of the visual tokens. In contrast, to-
ken pruning methods experience a significant performance

Table 5. Ablation results on the components of the AirCache.
Setting ChatQA [26] InfoVQA [27] DocVQA [28] TextVQA [31]

Continuous window (16) 70.4 56.6 61.3 55.9
Continuous window (32) 72.9 57.8 64.1 58.2

All text tokens 72.2 58.4 65.7 57.0
Visual window (32) 68.8 55.1 59.2 53.7

Average allocation 72.2 57.5 69.9 62.4
Pyramid allocation 69.6 54.9 55.8 52.6

Only w/ st 74.2 59.8 71.1 64.9
Only w/ sk 74.7 61.4 71.9 63.6

Ours 76.4 62.5 73.2 67.1

decline under these conditions. The prefill stage facilitates
sufficient interaction between visual and textual informa-
tion, as the attention mechanism aggregates visual infor-
mation to key text tokens. The proposed method effec-
tively preserves these key text tokens during KV cache to-
ken pruning. Consequently, even when only 1% of visual
tokens are retained, the model maintains good inference
performance. In contrast, most token pruning methods do
not involve cross-modal interaction, resulting in direct vi-
sual information loss that cannot be transferred to the subse-
quent decoding stage in any form. This leads to insufficient
and inaccurate visual guidance for generating, significantly
degrading performance.

4.3. Ablation Studies

In this section, we evaluate our method under various
settings to verify the proposed modules from several per-
spectives. The base model is LLaVA-OV-7B [16].
Elite Observation Window. We introduce three common
types of observation windows to assess the effectiveness of
the proposed elite observation window. The first type em-
ploys a sequence of continuous text tokens as the observa-
tion window for evaluating the significance of visual tokens.
The second type utilizes all text tokens, whereas the third
employs the continuous visual token from the last visual



Table 6. Comparison results with different compression audiences,
where * indicates uniform compression without distinguishing be-
tween visual tokens and text tokens.

Models 50% 10% 5% 1%
H2O* [42] 74.6/407s 46.5/559s 32.0/733s 27.8/1048s
H2O [42] 79.8/323s 77.4/251s 74.0/239s 71.0/215s

Ours* 75.8/374s 53.4/530s 39.7/688s 30.1/963s
Ours 80.4/306s 79.9/235s 79.4/221s 76.4/207s
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Figure 4. Comparison on ChatQA [26] and TextVQA [31] by re-
taining only one visual token, which is selected based on the sort-
ing of visual token importance scores using different methods.

segment as a reference. As shown in the first column of
Table 5, the proposed elite observation window yields the
best performance compared to the other three aforemen-
tioned approaches. The method using only visual tokens
performs significantly worse due to the absence of textual
instruction guidance, highlighting the importance of acti-
vating cross-modal associations in KV cache compression.
Additionally, compared to methods that directly use all or
portions of continuous text token sequences without con-
sidering variations in visual information perception among
text tokens, the proposed method selects key text tokens to
enhance the consistency of the observation window. This
selection ensures greater stability and accuracy in evaluat-
ing the significance of visual tokens.
Layer-wise Token Budget Allocation Module. The sec-
ond column of Table 5 presents the comparison using vari-
ous budget allocation strategies across layers. Aside from
the basic equal allocation, we also incorporate the strat-
egy from PyramidKV [3], which allocates budgets in a de-
scending ratio from shallow to deep layers. The results
demonstrate that the proposed budget allocation, based on
the strength and skewness of importance scores, delivers su-
perior outcomes. Although PyramidKV [3] perform well in
LLMs, its suboptimal results in LVLMs highlight the dis-
tinct characteristics of multimodal models and their height-
ened sensitivity to hierarchical budget allocation. An inap-
propriate allocation strategy is more likely to adversely af-
fect the final results. We also investigate the separate use of
strength and skewness for layer-wise budget quantification,
revealing that their combination produces the best results.
Visual Token Importance Evaluation. Figure 4 visu-
ally demonstrates the comparative effectiveness of various
methods in evaluating the importance of visual tokens. To

directly assess the efficacy of these methods in ranking vi-
sual token importance, we removed all non-essential mod-
ules and selected only one visual token at a time from the
ranked sorting results, ordered from high to low importance.
Theoretically, as the importance ranking of tokens declines,
the model’s performance is also expected to decrease. The
graph clearly shows that the proposed method aligns more
closely with the theoretical trend, where the visual token
ranked as TOP1 achieves the highest metric, followed by a
continuous and smooth decline. Notably, after around 10%,
the performance of the visual tokens approximates that of
the case with all visual tokens removed. This indicates sig-
nificant redundancy among visual tokens in the KV cache
of LVLMs. The results in Table 1, which demonstrate that
retaining over 10% of the visual tokens limits performance
decline to no more than 1%, further corroborate this ob-
servation. In contrast, the performance derived from other
methods exhibit significant noise, indicating instability and
deficiencies in their importance assessment.
Unified Compression or Vision-only Compression.
Given that the KV cache in LVLMs encompasses both vi-
sual and textual modalities, in contrast to the single tex-
tual modality of LLMs, we compared Unified Compression,
which does not differentiate between modal differences dur-
ing KV cache compression, with Vision-only Compression,
which compresses only visual tokens. As shown in Table 6,
the results indicate that unified compression performs sig-
nificantly worse than vision-only compression in terms of
both inference performance and speed. Moreover, as the
compression ratio increases, the inference time for unified
compression actually continues to rise. The primary reason
is that unified compression disrupts the effective representa-
tion of textual instructions, leading the model to produce in-
correct outputs and exhibit a tendency for repetition, which
in turn increases inference time.

5. Conclusion
In this work, we propose Activating Inter-modal Rele-

vancy (AirCache), a novel KV cache compression for ef-
ficient LVLMs inference. By leveraging inter-modal rele-
vancy between textual and visual tokens to guide KV cache
eviction, we identified significant differences in the atten-
tion distribution of visual tokens corresponding to different
textual tokens. Based on this finding, we propose an elite
observation window with refined key text tokens, which
provides a more stable and effective assessment of visual
token importance. Furthermore, by exploring the diversity
of importance score distribution across different layers, we
propose to achieve comprehensive quantification in terms
of distribution strength and skewness for adaptive layer-
wise compression budget allocation. Extensive experiments
across multiple benchmarks and LVLMs demonstrate the
effectiveness of AirCache in KV cache compression.
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Roadmap of Appendix

In this supplementary material, we first state the limita-
tions of the proposed method and potential future work in
Section A. Next, we provide more details on the method’s
application in Section B. After that, additional main com-
parative experiments with more models are discussed in
Section C. Furthermore, we present additional ablation ex-
periments in Section D. Finally, the visualization of chat
generation is shown in Section E.

A. Limitations and Future Works

In performing dynamic allocation of the layer-wise com-
pression budget, the proposed method requires obtaining
the strength and skewness of the importance distribution of
visual tokens for all layers before determining the allocable
budget for each layer. This necessitates storing the complete
KV cache after the prefill stage and executing the reduc-
tion only once the final compression budget is determined.
Consequently, the proposed method is at a disadvantage in
terms of peak memory consumption, a challenge also faced
by most hierarchical budget allocation methods. Address-
ing how to maintain a peak memory advantage while sup-
porting dynamic allocation of budgets across layers will be
a key focus of our future work. In parallel, we will con-
tinue to explore the information flow mechanisms of differ-
ent modalities in the inference process of LVLMs to further
optimize the proposed method.

B. Implementation Details

For most methods, we adhere to their initial setup and
perform the reduction of the visual KV cache based on the
obtained importance ranking of visual tokens and the spec-
ified compression ratio. Our findings indicate that merging
the dropped KV cache into the KV cache that needs to be
retained works effectively on the LLaVA-v1.5 [22]. How-
ever, this approach tends to cause repetition issues in the
LLaVA-OV series [16], InternVL2 series [6], and Qwen2-
VL series [35], which results in a decline in model perfor-
mance. Consequently, for Elastic Cache [25], we omitted
the merge operation in the main experiments to achieve op-
timal performance results. In practical applications, and as
observed in most existing multimodal evaluation datasets,
visual tokens constitute the majority, while text tokens re-
main concise and short. The redundancy in the KV cache
primarily resides in the visual part. As demonstrated in Ta-
ble 7, a comparison of the actual number of visual tokens
and text tokens in these multimodal VQA datasets shows
that the visual component accounts for more than 97%.
Thus, compressing only the visual KV cache eliminates re-
dundant cache without affecting the complete expression of
text instructions. Unless otherwise specified, all methods

Table 7. The number of visual tokens and text tokens across dif-
ferent models and evaluation sets.

Models ChatQA [26] InfoVQA [27] DocVQA [28] TextVQA [31]

Nv Nt Nv Nt Nv Nt Nv Nt

LLaVA-OV-7B [16] 4763 47 6382 45 7224 42 5183 39
InternVL2-8B [6] 1828 32 3740 31 3230 28 1668 25

Qwen2-VL-7B [35] 1302 36 4450 34 4669 31 1325 28

and experiments perform KV cache compression solely on
the visual part.

C. Additional Main Results

Comparison with various model parameter sizes. Table
8 displays the comparison results of different parameter-
sized InternVL2 [6] series models across various VQA
datasets as the compression ratio varies. Similar to the con-
clusions drawn from experiments with different model ar-
chitectures, the proposed method achieves superior results
on models with different parameter sizes compared to ex-
isting methods. For instance, when retaining only 1% of
the visual KV cache, the proposed method outperforms the
SnapKV [19] method by an average of approximately 4.3%
to 6.0% across four VQA evaluation datasets as the model
parameter size varies. By synthesizing experiments on dif-
ferent architectures and base models with varying param-
eter sizes, we observe that the proposed method not only
achieves better compression results but also demonstrates
good general applicability. Furthermore, a comparison of
models with different parameter sizes reveals that as the
model parameter size decreases, the impact of KV cache
compression on model performance becomes more signifi-
cant. This trend indicates that smaller parameter-sized mod-
els are less effective at integrating information within to-
kens, thereby placing a greater emphasis on the KV cache
compression method’s ability to select important visual to-
kens. The proposed method demonstrates a superior capa-
bility in assessing the importance of visual tokens, thereby
more effectively reducing model performance loss.
Inference efficiency on more LVLMs. Inference effi-
ciency on more LVLMs. Table 9 further presents the com-
parison of inference latency between the proposed method
and the full cache on InternVL2-8B [6] and Qwen2-VL-7B
[35]. From the table, it can be observed that when the input
demand is relatively low, the model’s need for the KV cache
is reduced, thus limiting the gains from the KV cache com-
pression method. Nevertheless, there is at least a 21% re-
duction in decoding latency and a 27% increase in through-
put. As the input demand continues to rise, the benefits
from KV cache compression become more significant. For
example, in the case of the Qwen2-VL-7B [35] with a batch
size of 16 and a prompt length of 16k, the proposed method
can reduce decoding latency by 42% and increase through-
put by 73% with almost no impact on model performance,



Table 8. The comparison of the KV cache compression methods on multimodal VQA benchmarks. The best result is highlighted in bold.
ChatQA [26] InfoVQA [27] DocVQA [28] TextVQA [31]Models Methods 50% 10% 5% 1% 50% 10% 5% 1% 50% 10% 5% 1% 50% 10% 5% 1%

Full 67.9 67.9 67.9 67.9 50.1 50.1 50.1 50.1 80.0 80.0 80.0 80.0 70.8 70.8 70.8 70.8
H2O [42] 67.7 62.0 57.7 53.5 50.0 42.7 38.8 33.7 79.8 73.8 68.2 57.0 70.1 58.4 52.3 47.6

Elastic [25] 67.5 61.8 57.6 54.1 50.1 42.6 39.7 32.2 79.8 74.0 68.8 57.5 70.3 59.8 54.7 47.2
PrefixKV [34] 67.9 62.1 58.0 53.3 49.9 43.8 40.6 34.2 79.7 74.3 70.4 59.6 70.1 60.7 55.3 48.6
SnapKV [19] 67.8 63.7 59.8 56.7 50.1 47.3 44.4 39.7 79.8 76.5 72.1 61.2 70.4 64.5 60.7 52.2

InternVL2-1B [6]

Ours 67.8 65.7 63.5 60.8 50.1 49.6 47.5 45.8 80.0 77.7 74.3 68.5 70.6 68.9 66.5 59.3
Full 81.1 81.1 81.1 81.1 65.9 65.9 65.9 65.9 88.1 88.1 88.1 88.1 74.7 74.7 74.7 74.7

H2O [42] 81.1 79.2 77.6 72.1 65.9 61.1 57.4 51.8 79.9 80.1 75.4 69.2 74.2 66.4 58.8 51.3
Elastic [25] 81.1 79.4 77.9 73.6 65.8 61.8 59.2 53.3 79.7 80.7 75.9 69.6 74.0 67.0 60.4 52.6

PrefixKV [34] 81.0 79.5 77.8 73.2 65.9 62.6 59.1 53.4 88.0 81.4 76.4 70.3 74.4 67.5 61.4 53.7
SnapKV [19] 81.1 79.3 78.5 74.6 65.9 64.3 61.8 56.7 88.0 84.3 79.7 73.2 74.4 70.3 65.8 60.3

InternVL2-4B [6]

Ours 81.1 80.4 79.6 77.7 66.0 65.5 64.2 62.1 88.1 86.8 84.3 81.5 74.5 73.6 70.7 67.4
Full 85.4 85.4 85.4 85.4 75.4 75.4 75.4 75.4 92.1 92.1 92.1 92.1 82.5 82.5 82.5 82.5

H2O [42] 84.9 82.4 80.4 78.6 75.0 71.8 65.1 62.5 91.9 84.4 81.6 75.1 82.3 75.2 70.3 65.2
Elastic [25] 84.6 82.8 81.6 78.3 74.8 73.6 65.5 62.7 91.8 83.8 81.2 74.3 82.4 75.6 70.7 65.7

PrefixKV [34] 84.8 82.2 81.5 78.8 75.2 73.8 66.4 63.2 92.0 84.2 81.5 74.7 82.4 75.5 70.6 65.4
SnapKV [19] 85.3 83.5 83.0 80.1 75.4 74.1 69.5 65.6 91.9 86.6 86.3 82.5 82.5 78.6 74.3 71.1

InternVL2-26B [6]

Ours 85.5 84.7 84.2 82.3 75.4 74.8 72.8 70.7 92.1 91.4 89.0 86.8 82.4 81.7 78.2 76.6
Table 9. Quantitative results on inference latency and throughput. The number of tokens output is consistently set to 512.

Prefill Latency (s) Decoding Latency (s) Throughput (token/s)
Models Batch Size Prompt Length Full Ours Full 50% 10% Full 50% 10%

2k 1.2 1.4+16.7% 9.3 7.0+24.7% 5.9+36.6% 440 585+33.0% 694+36.6%

8k 4.6 5.0+8.7% 13.3 10.5+21.1% 8.8+33.8% 308 390+26.6% 465+51.0%

16k 9.8 10.5+7.1% 24.8 15.7+36.7% 11.9+52.0% 165 261+58.2% 344+52.0%
8

32k 23.8 24.8+4.2% 46.2 28.1+39.2% 18.2+60.6% 89 146+64.0% 225+60.4%

2k 2.5 2.7+8.0% 12.2 7.4+39.3% 6.0+50.8% 671 1107+65.0% 1365+50.8%

8k 9.9 10.6+7.1% 21.6 12.9+40.3% 8.9+58.8% 379 635+67.5% 920+58.8%

InternVL2-8B [6]

16
16k 21.6 22.4+3.7% 28.5 16.2+43.2% 10.0+64.9% 287 506+76.3% 819+65.0%

2k 1.1 1.3+18.2% 8.4 6.6+21.4% 5.2+38.1% 488 621+27.3% 788+38.1%

8k 4.3 4.7+27.3% 12.6 9.7+23.0% 8.1+35.7% 325 422+29.8% 506+55.7%

16k 9.4 10.2+8.5% 23.7 14.9+37.1% 11.2+52.7% 173 275+59.0% 366+112.9%
8

32k 22.7 24.0+5.7% 45.0 26.2+41.8% 14.6+67.6% 91 156+71.4% 214+135.2%

2k 2.1 2.3+9.5% 10.1 6.8+32.7% 5.2+48.5% 811 1205+48.6% 1575+94.2%

8k 8.6 9.2+7.0% 19.7 12.1+38.6% 8.4+57.4% 426 677+37.1% 975+128.9%

Qwen2-VL-7B [35]

16
16k 19.2 20.1+4.7% 27.0 15.6+42.2% 9.7+64.1% 303 525+73.3% 845+179.0%
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Figure 5. Comparison on InfoVQA [27] and DocVQA [28] by re-
taining only one visual token, which is selected based on the sort-
ing of visual token importance scores using different methods.

while only adding 5% to prefill latency.
Detailed results of MMBench-Video. Table 10 presents
the breakdown scores of different methods applied to the
LLaVA-OV-7B [16] on the MMBench-Video [9] evaluation
dataset. The proposed method outperforms existing meth-
ods in most subcategories, demonstrating its superior per-
formance and stability. Notably, as the compression ratio

increases, the advantages of the proposed method become
more pronounced, especially for perceptual items that are
more sensitive to visual information. By more accurately
assessing the importance of visual tokens, the proposed
method retains the critical visual KV cache, thereby min-
imizing the loss of model performance.

D. Additional Ablation Studies
KV Cache Merge vs. KV Cache Drop. Table 11 compares
the model performance using merge and drop strategies
for KV cache compression. The drop strategy clearly out-
performs the merge strategy, with performance decline be-
coming more significant as the merge proportion increases.
This phenomenon persists across different VQA evaluation
sets and various compression ratios, indicating that directly
dropping less important visual KV cache in LVLMs is a
wiser choice. While the drop operation results in loss of vi-
sual information in the corresponding KV cache, the full to-



Table 10. The detailed comparison of the KV cache compression methods on MMBench-Video [9]. CP (coarse perception), FP-S (single-
instance fine-grained perception), FP-C (cross-instance fine-grained perception), HL (Hallucination), LR (logic reasoning), AR (attribute
reasoning), RR (relation reasoning), CSR (commonsense reasoning), TR (temporal reasoning).

Methods Overall Perception Reasoning CP FP-S FP-C HL LR AR RR CSR TRRatio Full 1.81 1.86 1.70 1.90 1.94 1.70 0.81 1.63 1.84 1.64 1.85 1.57
H2O [42] 1.66 1.68 1.56 1.76 1.74 1.66 0.71 1.56 1.76 1.65 1.63 1.42

Elastic [25] 1.68 1.71 1.60 1.79 1.75 1.66 0.73 1.58 1.77 1.67 1.66 1.44
PrefixKV [34] 1.72 1.75 1.63 1.84 1.79 1.68 0.82 1.58 1.79 1.68 1.68 1.48
SnapKV [19] 1.75 1.80 1.67 1.88 1.88 1.59 0.77 1.58 1.83 1.73 1.85 1.47

50%

Ours 1.80 1.84 1.69 1.89 1.94 1.66 0.81 1.61 1.84 1.77 1.79 1.53
H2O [42] 1.63 1.64 1.61 1.72 1.71 1.52 0.74 1.54 1.81 1.64 1.73 1.43

Elastic [25] 1.62 1.64 1.58 1.77 1.67 1.51 0.79 1.46 1.71 1.61 1.68 1.48
PrefixKV [34] 1.68 1.74 1.58 1.81 1.73 1.63 0.80 1.56 1.79 1.68 1.69 1.47
SnapKV [19] 1.70 1.76 1.60 1.83 1.83 1.62 0.82 1.55 1.70 1.67 1.78 1.44

10%

Ours 1.78 1.80 1.65 1.85 1.91 1.64 0.82 1.58 1.80 1.75 1.79 1.48
H2O [42] 1.47 1.45 1.48 1.62 1.51 1.40 0.72 1.20 1.51 1.45 1.55 1.42

Elastic [25] 1.51 1.52 1.51 1.65 1.54 1.40 0.75 1.22 1.54 1.50 1.60 1.45
PrefixKV [34] 1.50 1.48 1.50 1.63 1.52 1.39 0.74 1.20 1.51 1.48 1.59 1.44
SnapKV [19] 1.55 1.56 1.54 1.70 1.60 1.45 0.82 1.30 1.63 1.57 1.69 1.50

1%

Ours 1.67 1.70 1.58 1.78 1.76 1.65 0.72 1.58 1.76 1.65 1.64 1.52

Table 11. The results that the dropped KV cache is merged with the
nearest preserved KV cache at different proportions. 100% means
complete merging is used, while 0% means complete dropping is
used.

Datasets Ratio 100% 80% 60% 40% 20% 0%

ChatQA [26] 10% 76.4 77.0 77.4 78.6 79.2 79.9
1% 72.2 73.6 74.2 75.5 76.1 76.4

InfoVQA [27] 10% 61.1 63.7 64.5 64.9 65.5 65.7
1% 56.4 57.6 58.8 60.4 61.8 62.5

DocVQA [28] 10% 80.3 81.6 82.7 83.8 84.3 85.5
1% 67.0 68.9 70.5 71.8 72.6 73.2

TextVQA [31] 10% 68.8 70.6 72.2 73.7 74.6 75.3
1% 59.7 61.8 63.2 65.3 66.6 67.1

Table 12. Comparison of results across different evaluation sets
and compression ratios with varying relevance thresholds.

Datasets Ratio 0.99 0.95 0.9 0.85 0.8 0.75 0.7 0.65 0.6

ChatQA [26] 10% 78.4 79.8 79.9 79.6 78.7 78.6 78.1 77.5 77.7
1% 75.8 76.5 76.4 76.2 75.5 74.1 73.3 72.9 71.5

InfoVQA [27] 10% 65.1 65.5 65.7 65.7 65.0 63.7 62.2 61.6 59.4
1% 61.9 62.3 62.5 62.4 61.2 58.6 55.4 53.7 52.2

DocVQA [28] 10% 82.4 85.6 85.5 84.7 81.3 78.8 76.1 75.5 74.8
1% 71.2 72.8 73.2 72.9 70.0 65.5 61.8 58.9 55.6

TextVQA [31] 10% 73.4 75.0 75.3 75.4 74.6 74.0 73.3 72.5 71.4
1% 65.5 67.2 67.1 66.8 65.2 64.7 63.5 62.4 61.2

ken attention interaction during the prefill stage allows the
remaining important visual tokens and text tokens to po-
tentially absorb this missing information. This absorption
helps mitigate the information loss caused by dropping KV
cache during subsequent decoding. Conversely, although
the merge operation appears to preserve all visual informa-
tion, the model lacks the ability to decode the original vi-
sual information from the merged visual KV cache. This
operation may disrupt the representation of important vi-

Table 13. Layer-wise budget Jensen-Shannon divergence across
different datasets and compression ratios, where Avg. corresponds
to using the average allocation strategy.
Ratio Setting ChatQA [26] InfoVQA [27] DocVQA [28] TextVQA [31]

10%
Avg. & st 0.46 0.54 0.61 0.57
Avg. & sk 0.53 0.49 0.58 0.55
st & sk 0.62 0.58 0.63 0.52

1%
Avg. & st 0.51 0.58 0.63 0.59
Avg. & sk 0.57 0.52 0.60 0.58
st & sk 0.68 0.61 0.59 0.57

sual information, ultimately leading to a decline in model
performance.
Relevance Threshold α. Table 12 compares model per-
formance under different relevance threshold. A relevance
threshold around 0.9 achieves the best overall performance
across various evaluation sets and compression ratios. If
the relevance threshold is set too high or too low, it can lead
to incomplete expression of instruction information or the
inclusion of noise, respectively. This degrades the quality
of visual KV cache importance assessment, thereby affect-
ing the model’s performance after KV cache compression.
Comparing a higher relevance threshold with a lower one
reveals that introducing more noisy text significantly affects
model performance. This emphasizes the importance of fil-
tering out irrelevant text tokens within the observation win-
dow when compressing KV cache in LVLMs.
The Consistency of Strength and Skewness. To illustrate
the difference between the dynamic budget and the average
budget derived from the distribution strength and skewness
used in this method, we recorded the budget distribution
differences across various evaluation instances. The differ-
ences are quantified using Jensen-Shannon (JS) divergence,
which ranges from 0 to 1. A JS divergence closer to 0 in-



Which three business types is Pinterest good for?

Restaurants, Interior design, Wedding venues

User:

LLaVA-OV w/ Full Cache:

Restaurants, Hotels, RetailLLaVA-OV w/ H2O:

Restaurants, Hotels, RetailLLaVA-OV w/ Elastic:

Restaurants, Interior design, Wedding venuesLLaVA-OV w/ AirCache:

what date is under present readings?

june 28, 2009

User:

LLaVA-OV:

june 20LLaVA-OV w/H2O:

june 28LLaVA-OV w/Elastic:

june 28, 2009LLaVA-OV w/AirCache:

Figure 6. Chat example applying KV cache compression methods
on LLAVA-OV-7B [16].

dicates smaller differences between the two distributions,
while a value closer to 1 indicates larger differences. As
shown in Table 13, the hierarchical budgets allocated based
solely on the strength and skewness of the importance distri-
bution are similar to those with an average allocation, indi-
cating a complementary relationship. The former examines
the layer’s emphasis on visual information, while the latter
focuses on the layer’s ability to understand and interpret vi-
sual information. Combining both approaches can lead to
better model performance.
Ablation Results of the Visual KV Cache Importance
Evaluation. Figure 5 shows a comparison of selecting a
single visual token based on the importance ranking of vi-
sual KV cache obtained by various methods on InfoVQA
[27] and DocVQA [28]. As the importance of the selected
visual token decreases, the performance of our proposed
method also decreases reasonably. Additionally, for the
same importance ranking, the performance of our proposed
method is superior to that of existing methods.

E. Visualization of Chat Generation
Figures 6, 7, 8, and 9 illustrate a comparison of different

methods applied to real chat generation while retaining only
1% of the visual KV cache. It is evident that the answers
generated by the proposed method are more accurate.

Which three business types is Pinterest good for?

Restaurants, Interior design, Wedding venues

User:

LLaVA-OV w/ Full Cache:

Restaurants, Hotels, RetailLLaVA-OV w/ H2O:

Restaurants, Hotels, RetailLLaVA-OV w/ Elastic:

Restaurants, Interior design, Wedding venuesLLaVA-OV w/ AirCache:

What date is under present readings?

june 28, 2009

User:

LLaVA-OV w/ Full Cache:

june 20LLaVA-OV w/ H2O:

june 28LLaVA-OV w/ Elastic:

june 28, 2009LLaVA-OV w/ AirCache:

Figure 7. Chat example applying KV cache compression methods
on LLAVA-OV-7B [16].

What time is ‘question and answers’ session?

12:25 to 12:58 p.m.

User:

LLaVA-OV w/ Full Cache:

12:25-12:38LLaVA-OV w/ H2O:

12:25-12:50LLaVA-OV w/ Elastic:

12:25 to 12:58 p.m.LLaVA-OV w/ AirCache:

Figure 8. Chat example applying KV cache compression methods
on LLAVA-OV-7B [16].



What is unusual about this image?
The image shows a man ironing clothes on the
back of a moving vehicle, which is an unusual
and potentially dangerous activity. Typically,
ironing is done indoors, away from traffic and
moving vehicles, to ensure safety and focus on
the task. The man's actions in this image are
unconventional and could pose risks to himself,
other road users, and the passengers in the vehicle.

User:

LLaVA-OV w/ Full Cache:

The image shows a person ironing clothes
outside on a street, which is an unusual and
unexpected activity. Typically, ironing is done
indoors, in a home or a dedicated laundry area, to
protect the clothes from outdoor elements and to
maintain privacy. Performing this task outdoors
breaks with conventional norms and could be due
to various reasons such as a lack of indoor space,
a desire for fresh air, or it might be part of a
public demonstration or event.

LLaVA-OV w/ H2O:

The image shows a person ironing clothes in an
unusual setting: it appears to be inside a car,
which is not a typical place for doing laundry.
Ironing typically takes place in a home or a
dedicated laundry room, where there is space and a
suitable environment for the activity. The presence
of an ironing board and iron in what looks like a
vehicle's interior is unexpected and humorous.

LLaVA-OV w/ Elastic:

The image shows a man ironing clothes on the
back of a moving vehicle, which is an unusual
and unexpected sight. Typically, ironing is done
indoors, usually on a stable surface like a table or
ironing board, away from traffic and outdoor
elements. The man's activity here poses risks to his
safety and could also be considered a disruption to
traffic flow.

LLaVA-OV w/ AirCache:

Figure 9. Chat example applying KV cache compression methods
on LLAVA-OV-7B [16]. Important information is highlighted in
red and blue.


