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Abstract

Multimodal large language models (MLLMs) face substantial memory bottlenecks when
processing long visual contexts, such as videos and high-resolution images. Existing
methods that allocate visual KV cache budgets using cross-modal attention entropy mainly
estimate the distributional breadth of text-vision interaction and may overlook how visual
relevance varies across query positions in the encoded multimodal context. We propose
a cross-modal query-position variance-aware KV cache optimization method for efficient
multimodal long-context inference. The proposed method combines cross-modal attention
entropy with prefill-stage query-position variance computed from cross-modal attention to
estimate layer-wise visual KV cache preferences. Based on this preference score, visual KV
cache budgets are allocated across layers, and variance-aware token pruning is applied to
retain high-importance KV states while directly evicting redundant visual tokens without
feature merging. Experiments on the MileBench benchmark using LLaVA-v1.5-7B show
that, under deterministic single-run evaluation and while retaining only 20% of the visual
KV cache, the proposed method produces point-estimate performance close to the full-
cache reference and higher point estimates on several fine-grained reasoning and retrieval
subtasks. Additional representative-subtask evaluations under different visual cache
budgets and on InternVL2.5-8B further provide preliminary point-estimate evidence that
the proposed allocation signal is not restricted to a single cache ratio or backbone. System
profiling further shows that the 20% cache setting reduces measured KV cache GPU memory
from 1.28 GiB to 0.26 GiB and decoding latency from 100.28 ms/token to 92.85 ms/token.
These results suggest that cross-modal query-position variance may help preserve sparse,
query-dependent visual cues under low-cache-budget multimodal inference.

Keywords: Multimodal Large Language Models; KV cache optimization; cross-modal
query-position variance; long-context inference; multimodal reasoning

1. Introduction

Over the past several years, the Transformer [1] architecture has become a foun-
dational paradigm in natural language processing. As model parameters increase and
context windows expand to hundreds of thousands of tokens, both academia and industry
face growing computational and memory challenges. During autoregressive decoding,
the model must attend to the hidden states of all preceding tokens when generating each
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new token. To avoid repeated computation over the full context, modern inference systems
cache the key and value states of previous tokens, a mechanism known as the KV cache [2].

However, the KV cache also introduces a major memory bottleneck. Unlike model
weights, which occupy a relatively fixed amount of memory during inference, KV cache stor-
age grows linearly with sequence length and further increases with batch size. As multimodal
large language models are increasingly used for long-video understanding, multi-image
reasoning, and high-resolution visual perception, this growth becomes particularly severe.

The core of this challenge lies in the high dimensionality and redundancy of visual
inputs. In text processing, a single token often corresponds to a word, subword, or character
and usually carries relatively high semantic density. In contrast, for MLLMs to process
an image, visual encoders such as CLIP-ViT-L/14 [3] partition the image into many patch
tokens. A standard-resolution image is typically encoded into 576 visual tokens, and this
number can increase rapidly for high-resolution images, multi-image inputs, or long videos.
For example, a one-hour video sampled at 1 FPS may generate hundreds of thousands or
even millions of visual tokens, depending on the visual encoder and tokenization strategy.

This asymmetry leads to an important observation: in MLLM inference, visual tokens
can dominate the memory footprint, while their average semantic density is often lower
than that of text tokens. For large models and long contexts, the KV cache alone can exceed
the memory capacity of a single high-end GPU, depending on model size, numerical
precision, sequence length, and batch size. This memory bottleneck not only restricts
long-context multimodal processing but also limits system throughput. When available
memory is constrained, inference systems may need to reduce batch size, which can lead to
underutilized GPU computation.

Visual inputs also contain substantial redundancy. Spatial redundancy arises when
neighboring image patches have similar visual features and provide limited additional
semantic information. In video inputs, frame-level redundancy is also common because
adjacent frames often differ only slightly and may correspond to the same semantic event
or action. These observations suggest that a considerable portion of visual tokens may
contribute little to a specific reasoning step, especially when the task depends on only a
small subset of visual evidence.

Beyond efficiency, excessive visual redundancy may introduce distractors during long-
context reasoning. A long video or multi-image input often contains many background
patches or repeated visual patterns that are weakly related to the current question. Retain-
ing all such tokens may dilute attention and make retrieval or fine-grained reasoning more
difficult. Therefore, KV cache compression can be viewed not only as a memory-saving tech-
nique but also as a possible way to improve the signal-to-noise ratio of retained multimodal
context. However, this paper does not claim verified adversarial robustness, hallucina-
tion suppression, or denial-of-service resistance. These issues are treated as deployment
motivations and potential implications that require dedicated future evaluation.

Existing methods that allocate visual KV cache budgets using cross-modal attention
entropy mainly estimate how broadly each layer participates in text-vision interaction.
While this signal is useful, cross-modal attention entropy alone may overlook attention
variation across query positions in the encoded multimodal context. In long-context
multimodal inputs, some visual cues may receive weak average attention but become
important for specific retrieval, comparison, or state-change queries. Such sparse and
query-dependent visual cues are difficult to preserve under aggressive compression if
allocation relies only on cross-modal attention entropy.

To address this limitation, this study proposes a cross-modal query-position variance-
aware KV cache optimization method for efficient multimodal long-context inference.
The proposed method combines cross-modal attention entropy with prefill-stage cross-
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modal query-position variance to estimate layer-wise visual KV cache preferences. Cross-

modal attention entropy captures the distributional breadth of text-vision interaction,

whereas query-position variance measures how cross-modal attention to visual evidence

fluctuates across query positions within the encoded context. Based on the resulting

preference score, the method performs layer-wise adaptive budget allocation and applies

variance-aware token pruning to evict redundant visual KV states without feature merging.
We summarize our contributions as follows:

*  We extend cross-modal attention entropy-based visual KV cache allocation by incorporat-
ing prefill-stage cross-modal query-position variance, so that the layer preference score
reflects both text-vision interaction breadth and query-position attention fluctuation.

*  We design a visual-token-focused compression pipeline that combines modality-aware
token slicing, layer-wise adaptive budget allocation, and variance-aware token prun-
ing for redundant visual KV states.

*  We provide preliminary empirical evidence on MileBench showing that, under deter-
ministic single-run evaluation, the proposed method can retain only 20% of the visual
KV cache while achieving point-estimate performance close to the full-cache reference.
The results also show higher point estimates on several fine-grained reasoning and
long-range retrieval subtasks, together with measured reductions in KV cache memory
and decoding latency.

2. Related Work

KV cache optimization has become an important direction for improving the efficiency
of long-context inference in Transformer-based models. Existing methods can be broadly
divided into two lines: KV cache compression for language models and visual token or
visual KV cache reduction for multimodal large language models. This section reviews
these two lines of work and then discusses the gap addressed by the proposed method.

In addition to eviction-based methods, KIVI [4] studies low-bit KV cache quantization,
while PagedAttention [5] improves serving-level KV cache memory management. These
methods are complementary to our method, which focuses on modality-aware visual KV
cache allocation rather than quantization or paging-based serving.

2.1. KV Cache Compression for Long-Context Language Models

During autoregressive decoding, the KV cache grows linearly with context length,
making memory management a key bottleneck for long-context inference. Early methods
mainly rely on simple retention rules or attention-based token selection. StreamingLLM [6]
observes the attention sink phenomenon, where initial tokens receive consistently high
attention, and proposes to keep these sink tokens together with a sliding window of recent
tokens. This design enables stable streaming inference, but information located in the
middle of long contexts may be lost.

H,O [7] introduces a heavy-hitter-based eviction strategy. It retains tokens with high
accumulated attention scores and evicts less-attended tokens from the KV cache. This
strategy improves memory efficiency while preserving many important historical tokens.
However, cumulative attention scores mainly reflect aggregated historical importance and
may fail to preserve tokens with intermittent or context-dependent relevance.

More recent studies further consider the layer-wise structure of Transformer models.
PyramidKYV [8] shows that different layers have different cache requirements and proposes
a pyramidal budget allocation strategy across layers. Larger budgets are assigned to
lower layers to preserve detailed information, while higher layers are compressed more
aggressively. CAKE [9] further introduces layer preferences based on attention statistics and
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attention variability, showing that variance can help identify tokens that are not consistently
highly attended but may still be important for later reasoning.

These studies indicate that KV cache compression should account for both token-
level importance and layer-wise differences in attention behavior. However, most of these
methods are designed for language-only inference and do not explicitly address modality
imbalance or visual redundancy in multimodal contexts.

2.2. KV Cache and Visual Token Reduction for Multimodal Inference

Multimodal large language models introduce additional challenges because images
and videos are usually represented by large numbers of visual tokens. Compared with
text tokens, visual tokens often contain substantial spatial redundancy and, in video
inputs, frame-level redundancy. Therefore, directly applying language-oriented KV cache
compression methods may be suboptimal for multimodal inference.

FastCache [10] reduces the cost of multimodal inference by compressing visual KV
cache representations with lightweight mechanisms. It shows that many visual tokens can
be removed or merged with limited performance degradation. Look-M [11] focuses on effi-
cient multimodal long-context inference and reduces redundant visual information through
text-guided visual token selection. These methods demonstrate that visual redundancy can
be exploited to improve inference efficiency.

MEDA [12] further proposes a cross-modal attention entropy-based KV cache alloca-
tion strategy for multimodal long-context inference. It uses cross-modal attention entropy
to estimate the degree of text—vision interaction in each layer and allocates cache budgets
accordingly. Layers with stronger and broader cross-modal interactions receive larger
budgets, while layers with weaker interactions are compressed more aggressively. This
cross-modal attention entropy-based allocation provides an effective way to estimate the
distributional breadth of text-vision interaction.

However, cross-modal attention entropy mainly reflects the distributional breadth
of text—vision interaction. In long-context multimodal reasoning, the relevance of visual
cues may vary across query positions in the encoded multimodal context. Some visual
tokens may receive weak average attention but become important for specific retrieval,
comparison, or state-change queries. Such sparse and query-dependent cues are difficult to
capture using cross-modal attention entropy alone.

2.3. MLLM Application Contexts

MLLMs have been applied beyond general visual question answering, including
educational image-based vocabulary learning [13] and domain-specific visual reasoning
in dental technology examinations [14]. These applications indicate that MLLMs are
increasingly expected to process heterogeneous visual evidence in practical scenarios.
Deployment in such scenarios also increases the demand for efficient long-context inference,
especially when many images or long visual sequences must be processed. The proposed
method is motivated by this broader need for efficient multimodal context handling,
although the present work focuses on KV cache optimization rather than application-
specific model evaluation.

2.4. Position of This Work

The proposed method is motivated by this limitation. Rather than replacing cross-
modal attention entropy-based visual KV cache allocation, it extends this direction by
introducing prefill-stage cross-modal query-position variance into the layer preference
score. Cross-modal attention entropy is used to estimate the distributional breadth of
text-vision interaction, while cross-modal query-position variance is used to measure atten-
tion fluctuation across query positions in the encoded multimodal context. By combining
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these two signals, the proposed method aims to preserve visual tokens that are broadly
relevant or important for specific query positions during long-context reasoning.

Compared with language-only KV cache compression methods, the proposed method
explicitly considers the modality structure of multimodal inputs and applies compression
mainly to visual tokens. Compared with existing multimodal methods, especially MEDA,
the proposed method introduces prefill-stage cross-modal query-position variance into
layer-wise visual KV cache budget allocation. This design is expected to be useful for tasks
that require fine-grained visual comparison, state-change reasoning, or long-range retrieval,
where key visual evidence may appear sparsely across the multimodal context.

Table 1 summarizes the conceptual differences between the proposed method and
representative KV cache or visual token compression methods.

Table 1. Conceptual comparison between the proposed method and representative KV cache or
visual token compression methods. The table summarizes methodological characteristics rather than
experimental results.

Method Mu:vlvflldal- Allocation Signal Lagﬁg;\gse Compression Operation
StreamingLLM No Attention sink No Token retention
H,O No Accumulated attention No Token eviction
PyramidKV No Layer position Yes Budget allocation
CAKE No Attention statistics + variance Yes Token eviction
FastCache Yes Visual redundancy Partial KV compression
Look-M Yes Text-guided visual relevance Partial Token pruning
MEDA Yes Cross-modal attention entropy Yes Token merging
Ours Yes Entropy + query-position variance Yes Token pruning

Compared with CAKE, the proposed method does not directly transfer the variance
metric to a language-only cache eviction setting. Instead, it adapts variance-based attention
fluctuation modeling to cross-modal attention, where text and visual tokens have different
semantic densities and cache priorities. Compared with MEDA, the proposed method
retains the cross-modal attention entropy-based view of text-vision interaction but adds
query-position variance to the layer allocation signal. In addition, while MEDA uses token
merging after entropy-based budget allocation, the proposed method performs variance-
aware token pruning by directly evicting low-scoring visual KV states without feature
merging. This distinction preserves the original representations of retained KV states and
makes the compression operation simple and reproducible.

3. Methodology

MEDA allocates multimodal KV cache budgets according to cross-modal attention
entropy, which provides an effective estimate of the distributional breadth of text—vision
interaction in each layer. However, cross-modal attention entropy mainly describes how
broadly attention is distributed and does not explicitly capture how cross-modal atten-
tion varies across query positions in the encoded multimodal context. This limitation is
important for long-context multimodal reasoning, where a visual cue may receive weak
average attention but still become important for specific retrieval, comparison, or state-
change queries.

To address this issue, we propose a cross-modal query-position variance-aware KV
cache compression method. Different from MEDA, which uses cross-modal attention
entropy for adaptive budget allocation followed by token merging, the proposed method
combines cross-modal attention entropy with prefill-stage cross-modal query-position
variance for layer-wise visual KV cache allocation and then applies variance-aware token
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pruning. The resulting preference score is used to allocate visual KV cache budgets across
layers, while the pruning module retains high-importance KV states and directly evicts
low-scoring redundant visual tokens without feature merging. The overall framework is
shown in Figure 1.

@ Intra-Layer Token Selection Strategy

Cross-Modal Query-Position ’/
Entropy Variance
Text Tokens g
P = f(E,V)

~

-

I ~ N
Layer-Wise Budget L J
Allocation
\ J ‘ N
Image Tokens h

Multimodal l

Input [ | Layer 3

_l_%

Optimized KV Cache

Figure 1. Overall framework of the proposed method, including modality-aware visual token
slicing, layer-wise preference estimation, adaptive visual KV budget allocation, and variance-aware
token pruning.

3.1. Notation and Computation Details

Let the multimodal input contain a text token index set T and a visual token index
set V. For the [-th Transformer layer and the h-th attention head, the attention matrix is
denoted as A" € RO*K, where Q is the number of query positions and K = |T| + |V is
the total number of cached key positions. The multimodal token boundaries provided by
image placeholders are used to separate text and visual tokens. The text-to-vision attention
submatrix AZT}{/ is obtained by selecting text query positions and visual key positions, while
the vision-to-text submatrix AthT is obtained by selecting visual query positions and text
key positions.

For notational simplicity, A’ denotes the head-aggregated attention representation
used for estimating cross-modal statistics in the I-th layer. The cross-modal attention
entropy and cross-modal query-position variance are computed from the corresponding
submatrices of A!. In this implementation, the variance is estimated from the attention
history available after the prefill stage. Therefore, the proposed method uses prefill-stage
statistics to determine the layer-wise visual KV cache budget before the main compression
operation. This design avoids continuously recomputing the global preference score at
every decoding step and keeps the additional overhead limited. We emphasize that the
variance term measures query-position fluctuation within the encoded multimodal context,
rather than online attention evolution during autoregressive decoding.

The hyperparameters 77 and 1, control the sensitivity of the layer preference score to
cross-modal attention entropy and query-position variance, respectively. Unless otherwise
specified, we set 7 = 1.0 and 7, = 0.7 in all experiments. The smoothing constant € is used
to avoid zero preference values.

The complete procedure is summarized in Algorithm 1.
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Algorithm 1: Proposed Visual KV Cache Allocation and Variance-Aware To-
ken Pruning

Input: Layer-wise attention tensors { A’ }lel; text token set T; visual token set V;
visual cache retention ratio p; temperatures 11, To; smoothing constant e

Output: Compressed visual KV cache

foreach layerl =1,...,L do

Obtain the head-aggregated attention representation A’;

Extract A%, and Al,; according to token sets T and V;

Compute cross-modal attention entropy EL,;

Compute cross-modal query-position variance V(lj u from the prefill-stage
attention history;

Compute layer preference P; = (EL,, + €)™ (VL +€)®;

Set the total visual cache budget across all layers as Byoq = pL|V|;

Allocate layer-wise visual cache budgets S1.;, = BudgetRouter({P;}] |, Biotal)
and adjust them so that Elel S; = Biotals

for each layer 1 =1,...,L do

Compute token importance scores I for candidate visual tokens using the
attention mean—variance criterion;

Preserve all text KV states and the most recent tokens within the protected
recent window;

Retain the remaining top-scoring non-recent visual tokens according to I}, until
the layer-wise budget S, is reached;

Prune the unselected visual KV states without feature merging;

Return the compressed visual KV cache;

For intra-layer token pruning, the attention mean—variance criterion implemented in
the cache eviction module is used. Let A’ denote the head-averaged attention matrix in layer
[, and let R, denote the recent query window used for estimating token importance. Text
KV states are preserved, and the eviction candidates are restricted to visual key positions
that are not protected by the recent-token window. For a candidate visual key token #, its
importance score is defined as

1 - _
b=y o A Varger, (4). M
71 geRy

where the first term measures the average attention received by visual token 7, and the
second term measures its attention variability across recent query positions. The coefficient
7 controls the contribution of the variance term. In our implementation, the recent window
size is set to 100 and vy is set to 160.0. The most recent tokens are always preserved, and the
remaining non-recent visual tokens are retained according to I, until the layer-wise budget
is reached. Unselected visual KV states are directly pruned without feature merging. In this
way, text tokens are not selected as eviction candidates.

The budget router normalizes the layer preference scores and converts them into
integer layer-wise cache budgets used by the eviction module. Specifically, the total
visual budget across all layers is By, = pL|V|, and the average per-layer budget is p|V|.
The router assigns larger S; values to layers with larger preference scores and smaller S;
values to layers with smaller preference scores. After integer rounding, the final budgets
are adjusted so that Zlel S; = Biotal, With each layer budget constrained to the valid visual
token range.
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3.2. Complexity and Memory Analysis

For a Transformer with L layers, hidden dimension d, and visual cache length |V|,
the visual KV cache storage is proportional to 2L|V|d under a fixed numerical precision,
where the factor 2 corresponds to keys and values. When the visual cache retention ratio
is set to p, the proposed method reduces the visual KV cache storage to approximately
2Lp|V|d, excluding small metadata overhead. Therefore, the theoretical visual KV cache
reduction is approximately 1 — p. When p = 0.2, only 20% of the visual KV cache is retained,
corresponding to an approximate 80% reduction in visual KV cache storage.

The additional computational overhead mainly comes from cross-modal attention
entropy estimation, query-position variance estimation, token ranking, and KV index
selection. Since the layer preference score is computed from prefill-stage attention statistics
and token pruning is applied only when compression is triggered, the overhead is kept
limited. In addition to the theoretical cache-storage reduction, measured KV cache GPU
memory and decoding latency are reported in the experiments. These measurements
provide an initial system-level profile, although broader deployment-oriented evaluation,
including prefill latency, throughput, peak end-to-end GPU memory, and batch-size scaling,
remains future work.

3.3. Deployment Scenarios and Input Modality Composition

The proposed method is mainly intended for memory-constrained multimodal long-
context inference, such as long-video understanding, multi-image reasoning, and cloud-
based or edge-assisted MLLM serving where visual tokens dominate the KV cache footprint.
In offline batch analysis, the method can reduce visual cache storage and potentially allow
larger effective context lengths or batch sizes. In real-time streaming scenarios, the prefill-
stage statistics and compression trigger would need to be implemented incrementally,
and the latency overhead should be carefully profiled before deployment.

The expected benefit also depends on input modality composition. The proposed
method is more suitable for image-dominant or video-dominant inputs, where visual
redundancy is substantial and sparse visual evidence may appear across the visual context.
For text-heavy inputs, the benefit is expected to be smaller because the method mainly
compresses visual KV states while preserving text tokens. For tasks requiring dense global
visual perception, aggressive compression may remove useful background information;
therefore, a larger visual cache retention ratio may be preferable.

3.4. Variance-Aware Visual KV Cache Allocation

Our core hypothesis is that an effective visual KV cache allocation strategy should
consider two complementary signals: cross-modal interaction breadth and query-position
attention fluctuation.

3.4.1. Cross-Modal Attention Entropy (Ecpy): Estimating Interaction Breadth

Following MEDA, which highlights significant variation in cross-modal dependency
across model layers, we use cross-modal attention entropy to estimate the distributional
breadth of text—vision interaction. Specifically, entropy is computed from the text-to-vision
attention matrix AITV and the vision-to-text attention matrix A%/T:

I
Ecm <|T| Y- H(A%y,,) |V| Y. H(Ayr,, ) (2)

qeT qev

where H denotes Shannon entropy, and |T| and |V| denote the numbers of text and visual
tokens in the current context, respectively.
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The normalization by |T| and |V| accounts for modality imbalance. In multimodal
inputs, the number of visual tokens often exceeds the number of text tokens by a large
margin. Without normalization, the entropy metric could be dominated by the larger
modality and may not reflect the average cross-modal interaction pattern in each layer.
By averaging the row-wise entropy values within each direction, the metric estimates the
distributional breadth of text-to-vision and vision-to-text attention in a comparable manner.

Intuitively, high cross-modal attention entropy indicates that a layer distributes atten-
tion over a broader set of cross-modal tokens, suggesting that a larger visual cache budget
may be needed to preserve broad visual context. Conversely, low entropy indicates that
the layer concentrates on a smaller set of cross-modal anchors, making more aggressive
compression possible.

To address the limitations of cross-modal attention entropy alone, the proposed
method uses prefill-stage attention statistics to estimate cross-modal query-position fluctu-
ation. As illustrated in Figure 2, MEDA mainly relies on cross-modal attention entropy to
measure interaction breadth, whereas the proposed method additionally measures how
cross-modal attention varies across query positions in the encoded multimodal context.
This allows the model to compute a variance-aware preference score P; before visual KV
cache allocation.

@ om0

MEDA
@ Entropy-Based Allocation Query-Position Variance

i “ 4

Prefill-Stage Variance Estimation

Estimating Cross-Modal Attention Entropy

" Cross-Modal Attention Entropy ) Py = (Ely +€)7 - (Vi +€)%

(Ecm) ) Preference Score /

Figure 2. Conceptual comparison between MEDA and the proposed method. MEDA mainly relies

on cross-modal attention entropy, whereas the proposed method additionally considers prefill-stage
cross-modal query-position variance.

3.4.2. Cross-Modal Query-Position Variance (Vcp): Measuring Query-Dependent
Attention Variation

Cross-modal attention entropy alone may be insufficient because some visual cues re-
ceive weak average attention but remain important for specific reasoning queries. Inspired
by variance-based cache analysis in prior work, we introduce a cross-modal query-position
variance metric. Unlike language-only variance metrics, this metric is computed from
cross-modal attention matrices and is used to estimate how attention to visual evidence
varies across query positions in the encoded multimodal context.

The variance metric is defined as

1

1
1
Vem = |V| eyl

Z Varer (AITV,q,k) + ]

) Vargey (AIVT,q,k)‘ @3)
keV

keT

Here, Var; denotes variance over query positions in the prefill-stage attention history,
rather than variance over autoregressive decoding steps. The index k represents the key
position. In the first term, variance is computed over text queries attending to visual
keys. In the second term, variance is computed over visual queries attending to text
keys. Therefore, V(l: A Measures query-position attention variation within the encoded
multimodal input, rather than online temporal evolution during decoding.
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A higher Vé u indicates that attention to certain cross-modal keys varies more strongly
across query positions. Such visual evidence may not dominate average attention, but it
can become important for specific retrieval, comparison, or state-change queries. If allo-
cation were based only on cross-modal attention entropy or mean attention, these sparse
query-dependent visual cues could receive insufficient cache budget under low-cache-
budget inference.

Figure 3 illustrates this intuition. In layers with relatively low entropy but high query-
position variance, some tokens may appear redundant under average attention but become
important for specific query positions. The proposed method uses V), to allocate more
cache budget to such layers, increasing the chance that sparse but informative visual cues
are retained by the subsequent pruning step. This mechanism may help preserve visual
evidence that is easy to overlook under cross-modal attention entropy-based allocation,
although the causal importance of such cues still requires further validation.

Layer: Low-Entropy, High-Query-Position Variance

/ q_j: strong relevance \

input T
q_i: weak relevance
MEDA Ours
Low-Entropy . High-Query- |
Position Variance

a Query-d;:pendemdcue | /J Query-dependent cue
& may be merge more likely r@

Figure 3. Illustration of a low-entropy, high-query-position-variance layer. Query-dependent visual
cues may be under-preserved by entropy-based allocation with token merging, while incorporating
query-position variance makes them more likely to be retained during token pruning.

3.4.3. Comprehensive Preference Score (P;)

Finally, cross-modal interaction breadth, measured by cross-modal attention entropy,
and query-position attention variation, measured by cross-modal query-position variance,
are combined to construct the layer preference score

Pr=(Eby+e) (Vi +e)®, (4)

where 77 and 1, control the sensitivity of the layer preference score to cross-modal attention
entropy and query-position variance, respectively. Unless otherwise specified, we set
71 = 1.0 and 7, = 0.7 in all experiments. Larger values increase the contribution of the
corresponding signal, while € avoids zero preference values.

3.5. Implementation Pipeline: Global Allocation and Local Token Pruning

In the implementation, the proposed method adopts a conservative “Global Budget
Allocation + Local Token Pruning” pipeline. Unlike token-merging-based compression
strategies, this design first allocates layer-wise visual KV cache budgets using prefill-stage
cross-modal statistics and then performs local pruning within each layer by directly evicting
low-scoring visual KV states.
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3.5.1. Step 1: Modality-Aware Visual Token Slicing

At the inference entry point, the input structure is first parsed to identify text and visual
token intervals. Multimodal image placeholders are used to locate the index boundaries
of visual tokens. Unlike methods that treat the entire context as a monolithic sequence,
the proposed method explicitly separates text and visual token regions.

This modality-aware slicing operation serves two purposes. First, it provides the basis
for computing cross-modal attention matrices, including Ary and Ay . Second, it defines
the operational scope of compression. Since text tokens typically have high semantic
density and visual tokens often contain substantial spatial redundancy and frame-level
redundancy in video inputs, the KV eviction operation is applied mainly to visual token
sets. Text KV states are preserved, and only redundant visual KV states are considered
as eviction candidates after the protected recent-token window is excluded. This reduces
visual KV cache storage while preserving core textual semantics.

3.5.2. Step 2: Global Budget Allocation via Prefill-Stage Statistics

After the prefill stage, the system has access to the attention statistics of the encoded
multimodal context. The layer preference score P, is then computed for each layer, and the
corresponding visual KV cache budget S; is determined by the budget router

Btotal = PL\V|,

L 6)
Sl:L = BUdgetRouter({Pl}lelr Btotal)r 2 Sl = Btotal~

=1

where By, denotes the total visual KV cache budget across all Transformer layers, rather
than the budget of a single layer. The average per-layer budget is therefore p|V|, while
individual layer budgets S; are dynamically adjusted according to the layer preference
scores. The BudgetRouter(-) denotes the implementation-specific normalization, rounding,
and residual-adjustment procedure that converts continuous layer preferences into integer
cache budgets.

This design allows query-position attention variation to participate in budget alloca-
tion. It extends MEDA’s cross-modal attention entropy-based allocation with a variance-
aware metric computed from prefill-stage cross-modal attention. Consequently, for layers
that respond to sparse but important visual cues, additional budget can be assigned even
when average attention is not dominant.

3.5.3. Step 3: Intra-Layer Variance-Aware Token Pruning

During decoding, once KV cache compression is triggered, the proposed method
performs intra-layer visual token pruning according to the allocated layer-wise budget.
For each layer, text KV states and recent tokens are always preserved to maintain core
textual semantics and local generation continuity. For the remaining non-recent visual
tokens, the attention mean—variance importance score I is computed, and the top-scoring
visual tokens are retained until the layer-wise budget is reached.

This design follows a pure KV eviction strategy rather than feature merging. In other
words, unselected visual key and value states are directly removed from the KV cache,
and no discarded visual token is assigned to or fused with a retained token. This makes the
compression operation simple and reproducible while preserving the original representa-
tions of retained KV states.
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3.6. Potential Robustness Implications and Limitations

Although the proposed method is primarily designed for efficient visual KV cache al-
location, reducing redundant visual tokens may have potential implications for robustness.
Long multimodal contexts often contain repeated visual patterns, background patches,
or weakly relevant visual details. These elements may act as distractors during retrieval or
fine-grained reasoning. By assigning larger budgets to layers with stronger cross-modal
attention entropy and query-position variance, the proposed method may help retain
sparse informative cues while reducing redundant visual context.

However, these potential robustness effects should be interpreted cautiously. This
paper does not directly evaluate adversarial attacks, hallucination rates, denial-of-service re-
sistance, or security-monitoring performance. Therefore, we do not claim that the proposed
method provides verified adversarial robustness or guaranteed hallucination suppres-
sion. Instead, these aspects are viewed as possible downstream implications of redun-
dancy reduction. Dedicated robustness benchmarks, perturbation studies, and long-video
security-monitoring evaluations are required before stronger conclusions can be drawn.

This distinction is important in high-stake applications such as security monitoring,
medical analysis, or educational assessment. Since the proposed method modifies the
retained visual evidence through variance-aware KV eviction, it may also affect post hoc
interpretability and evidence tracing. Future work should investigate whether the retained
KV states can still support reliable attribution to the original visual tokens and whether the
compressed cache preserves sufficient evidence for auditability.

4. Experiments

To provide an initial evaluation of the proposed method, we conduct experiments on the
MileBench benchmark [15] using LLaVA-v1.5-7B [16] as the main backbone. All experiments
are conducted on a workstation equipped with two NVIDIA RTX A4500 GPUs (NVIDIA
Corporation, Santa Clara, CA, USA). Unless otherwise specified, compressed methods are
evaluated at a 20% visual KV cache retention ratio, i.e., only 20% of the visual KV cache is
retained. This setting is used to examine whether the proposed method can preserve task
performance under a low-cache-budget regime. Since the evaluation is still limited to a small
number of backbones and the cache budget analysis is performed on representative subtasks
rather than the full benchmark, the following results should be interpreted as preliminary evi-
dence for the proposed mechanism rather than exhaustive empirical validation. All reported
task scores are deterministic point estimates. Because repeated runs, confidence intervals,
and statistical significance tests are not included, cases in which compressed inference numeri-
cally exceeds the full-cache reference are reported as point-estimate observations rather than
evidence of statistically significant superiority.

The experimental results are shown in Table 2.

Table 2. Performance comparison on MileBench using LLaVA-v1.5-7B. Full cache denotes inference
without KV cache compression, while all compressed methods retain 20% of the visual KV cache.
T-1-T-4 and S-1-5-5 denote MileBench task groups, NH denotes Needle-in-a-Haystack, and I-1
denotes image retrieval. Bold values indicate the highest point estimate among compressed methods.

Method T-1 T-2 T-3 T-4 S-1 S-2 S-3 S-4 S-5 NH I-1
Full Cache  37.00 45.25 30.75 37.88 59.63 32.83 11.30 24.05 62.0 5.00 3.70
H,O 36.50 45.25 28.25 36.50 55.25 30.50 9.50 22.80 60.0 1.67 3.30
SnapKV 36.80 45.25 29.80 36.80 54.60 31.50 10.60 21.90 60.0 1.90 3.50
MEDA 37.20 45.25 30.75 38.38 59.38 32.83 10.03 25.00 63.5 5.31 4.30
Ours 36.83 45.25 31.25 39.50 59.50 32.50 11.70 26.40 62.0 5.94 4.80
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When retaining only 20% of the visual KV cache, the proposed method achieves
an average score of 32.33, which is close to the full-cache reference score of 31.76 in this
deterministic single-run setting. Compared with MEDA, the proposed method obtains
higher point estimates on T-3, T-4, S-1, S-3, S-4, NH, and I-1 by 0.50, 1.12, 0.12, 1.67,
1.40, 0.63, and 0.50 points, respectively. Compared with H,O and SnapKYV, the proposed
method also achieves higher average point-estimate performance across the evaluated
subtasks, with average scores of 32.33 for the proposed method, 31.99 for MEDA, 30.24
for SnapKYV, and 29.96 for HyO. These results suggest that incorporating cross-modal
query-position variance may provide useful point-estimate information beyond cross-
modal attention entropy-based allocation and attention-heavy-hitter selection. However,
because several improvements are modest in absolute value and no repeated-run statistical
testing is included, the results are interpreted as preliminary task-level evidence rather
than conclusive statistical validation.

4.1. Additional Backbone Evaluation

To partially address the concern that the main experiments use a single backbone, we
further evaluate the proposed method on InternVL2.5-8B [17] using representative subtasks.
This experiment is intended to provide additional evidence of backbone transferability,
rather than a complete multi-backbone evaluation over the full benchmark.

As shown in Table 3, the proposed method remains competitive on InternVL2.5-
8B under the same deterministic evaluation protocol. It achieves the highest average
point estimate among the compressed methods and remains close to the full-cache ref-
erence. Compared with MEDA, the proposed method increases the average point esti-
mate from 36.53 to 41.83, with numerical gains on MovingDirection, MMCoQA, ALFRED,
and TextNeedle. These results suggest that the benefit of incorporating query-position
variance may not be limited to LLaVA-v1.5-7B, although the small numerical difference
over the full-cache reference should not be interpreted as statistically significant superiority.
Nevertheless, since this experiment is conducted on representative subtasks rather than the
full benchmark, broader multi-backbone evaluation remains future work.

Table 3. Additional evaluation on InternVL2.5-8B. Full cache denotes inference without KV cache
compression, while all compressed methods retain 20% of the visual KV cache. The reported subtasks
are representative tasks selected from the broader MileBench task groups. Bold values indicate the
highest point estimate among compressed methods.

Method Moving Direction = State Change CLEVR-Change MMCoQA ALFRED TextNeedle Avg.
Full Cache 50.5 56.0 247 46.0 35.3 37.5 41.67
H,O 48.0 47.5 22.0 36.0 24.8 41 30.40
SnapKV 50.0 49.0 17.2 375 26.9 14.1 32.45
MEDA 50.0 55.0 21.8 39.0 25.6 27.8 36.53
Ours 52.5 55.5 22.6 48.5 34.4 37.5 41.83

4.2. Cache-Ratio Sensitivity on Representative Subtasks

To partially address the concern that the main comparison is conducted at a single
visual KV cache retention ratio, we further evaluate representative subtasks under different
visual cache budgets. This analysis focuses on MMCoQA and TextNeedle, which are repre-
sentative of multi-image question answering and retrieval-oriented reasoning, respectively.
The purpose of this experiment is to provide an initial view of the performance—compression
trade-off, rather than a complete budget-sensitivity analysis over all MileBench tasks.

As shown in Figure 4, the proposed method maintains competitive point-estimate
performance across different visual KV cache budgets on the selected subtasks. On MM-
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MMCoQA (Accuracy)

CoQA, the proposed method remains close to the full-cache reference under moderate cache
budgets and performs competitively against the baselines. On TextNeedle, the proposed
method shows a clearer numerical advantage under low-cache-budget settings, suggesting
that query-position variance may help preserve sparse query-dependent visual cues when
retrieval-oriented evidence is easy to discard. These results provide an initial point-estimate
indication that the proposed allocation signal is not limited to a single cache retention ratio.
Nevertheless, because this analysis is conducted on representative subtasks rather than the
full benchmark, a denser evaluation over more cache ratios and tasks remains future work.

H20 -a- MEDA SnapKV ~—e— Ours === Full Cache

TextNeedle (Accuracy)

40

24 7

2 “""'""’“""““"'/,‘,%‘-‘"“"“:““"""‘"“"""""“'“""""“' it ___________________/‘_:_;_,__2::_':’_':_____":_’::_-—:_— ________

20% 60% 0% 5% 20% 60%

Cache budget Cache budget

Figure 4. Accuracy comparison under different visual KV cache retention ratios on representative
subtasks. The dashed horizontal line denotes the full-cache reference performance.

4.3. Internal Ablation Study of Layer Allocation Signals

To clarify the purpose of this ablation, Table 4 reports an internal study of the proposed
pipeline, rather than a direct comparison with MEDA. The T-series and S-series task groups
in Table 2 each contain multiple subtasks. We therefore select six representative subtasks
from these broader groups to examine how different layer allocation signals affect the
proposed method. In particular, the entropy-only variant uses cross-modal attention
entropy as the sole signal for layer budget allocation, whereas the variance-only variant
uses query-position variance as the sole signal. Both variants still apply the same pruning
mechanism after allocation. Therefore, although the entropy-only variant and MEDA both
rely on cross-modal attention entropy for allocation, they are not equivalent because the
subsequent compression operations are different.

For this ablation, the full entropy—variance allocation uses the default setting 71 = 1.0
and 7» = 0.7. The entropy-only variant disables the query-position variance signal, equiva-
lent to setting 7» = 0 while retaining the entropy signal. The variance-only variant disables
the entropy signal, equivalent to setting 7y = 0 while retaining the variance signal.

Table 4 analyzes how different layer allocation signals affect the proposed pipeline, and it
should be read as an internal component study rather than as evidence that compressed
inference generally outperforms full-cache inference. When only cross-modal attention en-
tropy is used for layer allocation, the average score decreases from 24.87 to 19.25. When only
query-position variance is used, the average score decreases to 19.53. The gap is particularly
noticeable on MMCoQA and TextNeedle, where entropy—variance allocation yields higher
point estimates than entropy-only allocation by 12.0 and 10.3 points, respectively. These results
suggest that query-position variance can provide complementary point-estimate information
to cross-modal attention entropy-based allocation within the proposed pipeline. The compara-
ble drop observed with variance-only allocation further suggests that neither signal alone is
sufficient for effective layer budget allocation in this representative-subtask setting; instead,
the two signals appear more effective when used jointly.
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Table 4. Internal ablation study of layer allocation signals at the 20% visual KV cache retention ratio.
The selected subtasks are representative tasks drawn from the broader T-series and S-series task
groups reported in Table 2.

Method Moving Direction State Change CLEVR-Change MMCo0QA ALFRED TextNeedle Avg.
Full Cache 315 28.0 16.5 33.0 15.1 10.0 22.35
Ours (Ent.-only) 31.5 30.0 15.1 24.5 12.8 1.6 19.25
Ours (Var.-only) 31.5 30.5 14.9 25.0 13.1 2.2 19.53
Ours (Ent.—Var.) 33.0 33.5 18.0 36.5 16.3 11.9 24.87
Ent.—Var. vs. Ent.-only +1.5 +3.5 +2.9 +12.0 +3.5 +10.3 +5.62
Ent.—Var. vs. Var.-only +1.5 +3.0 +3.1 +11.5 +3.2 +9.7 +5.33

Ent. denotes cross-modal attention entropy, and Var. denotes query-position variance.

4.4. System-Level Cache Memory and Decoding Latency

In addjition to task accuracy, measured KV cache GPU memory and decoding latency
are reported in Table 5. At the 20% cache setting used in the main experiments, measured
KV cache memory decreases from 1.28 GiB to 0.26 GiB, corresponding to a 79.7% reduction.
Decoding latency decreases from 100.28 ms/token to 92.85 ms/token. The latency reduc-
tion is more moderate than the memory reduction, which is expected because decoding
time also includes computation outside KV cache storage, such as model computation,
token generation overhead, and framework-level scheduling. These results show that
the proposed compression strategy provides measured memory savings and moderate
decoding-latency benefits, rather than only theoretical cache reduction.

Table 5. Measured decoding latency and KV cache GPU memory under different visual KV cache
retention ratios.

Cache Setting

Decode Latency (ms/Token) KV Cache GPU Memory (GiB) Memory Reduction

Full Cache
50% Cache
20% Cache
5% Cache

100.28 1.28 -
95.19 0.67 47.7%
92.85 0.26 79.7%
88.33 0.06 95.3%

All measurements are obtained on the same workstation equipped with two NVIDIA
RTX A4500 GPUs, using the same backbone, precision, batch size, and decoding configura-
tion as the main experiments. Warm-up iterations are used before measurement, and the
average decoding latency is reported over the evaluated decoding steps.

4.5. Fine-Grained Visual Relationship Inference

The clearest point-estimate differences appear in the S-3 visual relationship inference
task, which includes subtasks such as Spot-the-Diff that require the model to identify
subtle differences between similar images. MEDA exhibits a performance drop on this
task, decreasing from the full-cache score of 11.30 to 10.03. This result is consistent with the
concern that subtle visual differences may not be sufficiently emphasized by cross-modal
attention entropy alone and may therefore receive lower retention priority under low-cache-
budget inference. In contrast, the proposed method achieves a score of 11.70, which is
numerically higher than MEDA and the full-cache reference in this deterministic single-
run evaluation. This point-estimate observation suggests that cross-modal query-position
variance may help identify subtle visual cues whose average attention is not dominant
but whose relevance varies across specific query positions. By assigning higher retention
priority to such cues, the proposed method may help preserve fine-grained visual evidence
while reducing visual KV cache storage.
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4.6. State-Change and Counterfactual Reasoning

In the T-4 counterfactual reasoning and state-change task, the proposed method also
achieves the highest point estimate, with a score of 39.50, compared with MEDA (38.38) and
the full-cache reference (37.88). Tasks of this type require the model to reason about state
transitions and causal relations within visual sequences. Such reasoning may depend on
sparse visual evidence that is important for particular query positions. The observed higher
point estimate of the proposed method may be associated with its use of query-position
attention variation, which allows additional cache budget to be assigned to layers that
respond to sparse but important visual cues. The results suggest that removing low-scoring
redundant visual KV states may preserve more cache capacity for evidence relevant to
state-change reasoning.

4.7. Retrieval-Oriented Point-Estimate Observations Under Compression

In the NH and I-1 tasks, the proposed method achieves scores of 5.94 and 4.80, re-
spectively. Compared with MEDA, the absolute numerical gains are 0.63 and 0.50 points;
compared with the full-cache reference, the numerical differences are 0.94 and 1.10 points.
These results suggest that, in some deterministic point-estimate cases, retaining all visual
tokens may not yield the highest observed score for retrieval-oriented reasoning, possi-
bly because redundant visual context can introduce distractors. By leveraging adaptive
budget allocation and variance-aware token pruning, the proposed method may improve
the signal-to-noise ratio of the retained visual context under low-cache-budget inference.
Nevertheless, the numerical gains are modest in absolute value and should be interpreted
as task-dependent evidence rather than a general guarantee of retrieval superiority.

4.8. Neutral and Negative Cases

The proposed method does not improve all subtasks. Slight decreases are observed
on T-1, S-2, and S-5 compared with MEDA or the full-cache baseline. These results indi-
cate that variance-aware allocation is not universally beneficial. One possible reason is
that some tasks depend on globally distributed visual context rather than sparse query-
dependent visual cues. Under such conditions, low-cache-budget inference may remove
background information that remains useful for holistic scene understanding. In addition,
variance-aware token pruning may remove fine-grained attributes when visually subtle
but semantically useful tokens receive low importance scores. Therefore, the proposed
method is expected to be more useful for tasks involving sparse evidence, state changes,
fine-grained visual differences, and long-range retrieval, while its advantage may be limited
for tasks requiring dense global perception.

Because several numerical gains are modest in absolute value, they should not be
treated as conclusive evidence of universal superiority. Repeated runs, confidence intervals,
statistical significance tests, and full-benchmark evaluations under multiple cache retention
ratios would be required to draw stronger empirical conclusions. Accordingly, numerical
cases in which compressed inference exceeds the full-cache reference should be regarded as
single-run point-estimate observations rather than statistically significant improvements.

5. Limitations

This study has several limitations. First, although the current experiments include an
additional evaluation on InternVL2.5-8B, the backbone coverage remains limited. The re-
sults therefore do not fully demonstrate whether the proposed method generalizes to a
broader range of MLLM architectures. In addition, although we include a cache-ratio
sensitivity analysis on representative subtasks, this analysis does not constitute a full
budget-sensitivity study over all MileBench tasks. A denser evaluation across more cache
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retention ratios, tasks, and backbones remains future work. Second, although measured KV
cache GPU memory and decoding latency are reported, the system-level evaluation is still
incomplete. A full serving benchmark covering prefill latency, end-to-end peak GPU mem-
ory, throughput, concurrent batch-size scaling, and deployment-level scheduling overhead
is not yet provided. Third, the current evaluation does not include repeated-run confidence
intervals or statistical significance tests. To maintain consistency with existing KV cache
compression baselines, the experiments follow a deterministic decoding protocol, and the
ablation focuses on controlled component isolation. Some improvements are modest in
absolute value and should therefore be interpreted as mechanism-oriented preliminary evi-
dence rather than conclusive statistical validation. Accordingly, numerical cases in which
the compressed setting exceeds the full-cache reference should be regarded as single-run
point-estimate observations, not as evidence of statistically significant superiority over
full-cache inference. Fourth, the discussions of hallucination suppression, adversarial-noise
filtering, and security monitoring are potential implications rather than experimentally
verified robustness guarantees. Dedicated robustness and deployment evaluations are
necessary before the proposed method can be applied in high-stake scenarios. Finally,
because the proposed method directly evicts unselected KV states, some fine-grained visual
evidence may be removed when the cache retention ratio is very low. Future work should
investigate more interpretable cache selection strategies and analyze whether the retained
KV states preserve sufficient evidence for post hoc attribution and auditability.

6. Conclusions

This paper studies KV cache optimization for multimodal long-context inference. We
propose a cross-modal query-position variance-aware extension of cross-modal attention
entropy-based visual KV cache allocation. The key idea is to combine cross-modal attention
entropy, which reflects the distributional breadth of text—vision interaction, with prefill-
stage query-position variance, which reflects attention variation across query positions in
the encoded multimodal context. Based on this preference score, the proposed method
allocates visual KV cache budgets across layers and applies variance-aware token pruning
to retain high-importance KV states while evicting redundant visual tokens.

Experiments on MileBench using LLaVA-v1.5-7B show that, while retaining only
20% of the visual KV cache, the proposed method achieves point-estimate performance
close to the full-cache reference and obtains numerical gains on several tasks related to
fine-grained visual relationship inference, counterfactual reasoning, Needle-in-a-Haystack,
and image retrieval. Additional evaluations on representative subtasks further show that
the proposed method remains competitive under different visual KV cache budgets and on
InternVL2.5-8B, providing initial point-estimate evidence beyond a single cache ratio and
a single backbone. The internal ablation further shows that entropy—variance allocation
yields higher point estimates than both entropy-only and variance-only allocation over
six representative subtasks, suggesting that the two signals are complementary within the
proposed pipeline. System profiling also shows that, at the 20% cache setting, measured
KV cache GPU memory decreases from 1.28 GiB to 0.26 GiB, while decoding latency
decreases from 100.28 ms/token to 92.85 ms/token. These results suggest that prefill-
stage cross-modal query-position variance may provide a useful complementary signal
to cross-modal attention entropy-based allocation, especially when key visual cues are
sparse or query-dependent. At the same time, the proposed method does not improve all
subtasks, and some improvements are modest in absolute value. Therefore, the current
results should be interpreted as mechanism-oriented preliminary evidence rather than
a complete demonstration of general superiority, and numerical cases above the full-
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cache reference should not be interpreted as statistically significant improvements without
repeated-run validation.

Looking ahead, the proposed method may be combined with quantization, hierarchical
storage, or hardware-aware cache management to further reduce memory pressure in long-
context multimodal systems. Future work should evaluate the method across more MLLM
backbones, cache retention ratios, and deployment settings, including measured GPU
memory, prefill latency, decoding latency, throughput, and batch-size scaling. In addition,
dedicated robustness and interpretability evaluations are needed to determine whether
variance-aware cache compression can reliably support high-stake applications such as
security monitoring, medical analysis, or educational assessment.
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