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Abstract

Multimodal large language models (MLLMs)
achieve strong visual-textual reasoning by scal-
ing to high-resolution images and long video
sequences, but this scalability introduces sub-
stantial inference-time memory overhead due
to the growth of the key—value (KV) cache. Ex-
isting KV-cache compression methods primar-
ily operate after the full multimodal context has
been processed, and therefore do not address
the peak memory consumption incurred during
the prefill stage. We observe that visual tokens
in MLLMs exhibit strong structural regulari-
ties and representational redundancy that can
be exploited earlier in the inference pipeline.
Based on this observation, we propose a se-
quential, structure-aware KV-cache compres-
sion framework that operates during prefill and
enforces a fixed memory budget throughout
input processing. Experimental results show
that our approach substantially reduces peak
memory usage with minimal degradation in
generative performance, enabling more practi-
cal and memory-efficient multimodal inference
for large-scale visual inputs.

1 Introduction

Multimodal large language models (MLLMs) have
emerged as a powerful paradigm for jointly rea-
soning over visual and textual inputs, enabling ap-
plications such as visual question answering (An-
tol et al., 2015), image-based reasoning (Shen
et al., 2025), and video understanding (Zhang
et al., 2024). To support these capabilities, modern
MLLMs process increasingly complex visual sig-
nals, ranging from single images to high-resolution
tiled patches and long video sequences. In a typ-
ical architecture (Liu et al., 2023), a pretrained
vision encoder extracts visual features, an adaptor
projects them into the language embedding space,
and a transformer backbone jointly attends over
vision tokens and textual inputs. While this unified
attention enables flexible multimodal integration, it

introduces substantial computational and memory
challenges as the number of input tokens grows.

A key bottleneck arises from the self-attention
operation (Vaswani et al., 2017), whose complexity
scales quadratically with sequence length. Autore-
gressive transformers alleviate this cost through
key—value (KV) caching (Pope et al., 2023), which
stores intermediate attention representations and re-
duces per-token decoding complexity from O(N?)
to O(N). However, KV caching introduces a se-
vere memory burden: the cache grows linearly with
the number of tokens and must be retained across
all layers and attention heads.

This challenge is particularly acute in multi-
modal settings. Recent advances in MLLMs have
been driven by aggressively increasing the number
of vision tokens, including tiled representations for
high-resolution images (Bai et al., 2023; Chen et al.,
2024; Tong et al., 2024), dense frame sampling for
videos (Xu et al., 2024; Zhang et al., 2024; Yang
et al., 2025b), and multi-view visual inputs (Cheng
et al., 2025; Huang et al., 2025). These design
choices substantially inflate the token count before
decoding begins, causing the KV cache constructed
during input processing to dominate memory us-
age. As aresult, the prefill stage—where the full
multimodal prefix is encoded—becomes the point
of peak memory consumption during inference.

Prior work has sought to reduce inference-time
memory usage primarily through KV-cache com-
pression (Li et al., 2024; Kim et al., 2025a; Wan
et al., 2025a). These methods exploit redundancy
by evicting, merging, or approximating cached key—
value pairs and are effective for long-context decod-
ing. However, they typically apply compression
only after the entire multimodal context has been
processed, leaving the peak memory spike during
prefill unaddressed. Token pruning methods (Yang
et al., 2025a; Zhang et al., 2025a) reduce memory
by discarding input tokens, but operate at the in-
put level and ignore the heterogeneous roles that



different layers and attention heads assign to to-
kens (Yoon et al., 2025; Zhang et al., 2025b; Kaduri
et al., 2025), increasing the risk of removing struc-
turally important information.

In this work, we argue that the prefill stage itself
offers untapped opportunities for memory-efficient
multimodal inference. Visual inputs exhibit strong
structural regularities: images consist of spatially
coherent regions, and videos contain substantial
temporal redundancy across frames. These struc-
tures form coarse-to-fine representations of the
same underlying content, and not all visual tokens
contribute equally to downstream reasoning.

Motivated by this observation, we propose a
prefill-aware KV-cache compression framework
that operates sequentially under a fixed memory
budget. For single-turn settings, we introduce
a query-aware strategy that leverages the textual
prompt during prefill to estimate token importance
and retain visually salient regions. For poten-
tial multi-turn interactions, where query signals
may be unavailable, we further explore a query-
agnostic variant that relies solely on the structural
and representational properties of visual tokens. To-
gether, these approaches substantially reduce peak
memory usage during inference while preserving
downstream performance, enabling scalable and
memory-efficient multimodal inference across di-
verse interaction patterns.

2 Preliminaries

2.1 KV Cache in Transformer Inference

Transformers (Vaswani et al., 2017), as used in
large language models (Brown et al., 2020), gen-
erate tokens autoregressively. At each step, self-
attention computes interactions between the current
query and all previously generated tokens. For a
sequence of length ¢, attention is defined as:

T

K
Attention(Q, K, V') = softmax <Q
Vi

where (), K, and V denote query, key, and value
matrices, and dj, is the key dimension. During
generation, only the query for the current token is
newly computed, while keys and values from all
preceding tokens are reused. To avoid recompu-
tation, these keys and values are stored in GPU
memory as a key—value (KV) cache.
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2.2 The Necessity of KV Cache Management

KV caching reduces per-token decoding complex-
ity from O(NN?) to O(N), but introduces a memory

overhead that scales linearly with sequence length
and model size. The total KV-cache memory foot-
print can be approximated as:

Memorygy ~ 2 X layers x heads X dimpead

X precision x sequence length,

2
where the factor of 2 accounts for both keys and
values. As models scale to ultra-long contexts
(e.g., 100K+ tokens), the KV cache alone can ex-
ceed available GPU memory, making effective KV-
cache management essential for inference under
fixed memory budgets.

2.3 The Vision Token Explosion Problem

Modern multimodal large language models
(MLLMs) support high-resolution images and long
video sequences through dense visual tokenization,
resulting in substantially longer input sequences
than text-only models. High-resolution images are
decomposed into spatial grids of patches, each rep-
resented as a vision token. For an image of resolu-
tion H x W, the number of vision tokens is:

HxW

Nvis = P2 ;

3)
where P is the patch size. For example, an 4K im-
age (3840 x 2160) yields over 42,000 vision tokens
with P = 14, demonstrating how visual inputs can
dominate the token budget before decoding begins
and drive peak memory usage during prefill.

3 Methodology

We propose a prefill-aware inference framework
that reduces peak memory usage in multimodal
large language models (MLLMs) by enforcing a
fixed KV-cache budget throughout input process-
ing, rather than compressing the cache only after
the full multimodal context has been encoded.

3.1 Block-wise Processing for MLLMs

Conventional KV-cache eviction strategies con-
struct the full KV cache before pruning, lead-
ing to high peak memory usage and frequent out-
of-memory failures during prefill—particularly in
MLLMs, where high-resolution images and long
videos introduce thousands of vision tokens.

To address this issue, we adopt block-wise pre-
fill (Kim et al., 2024, 2025b), partitioning the input
sequence into contiguous blocks that are processed
sequentially, as summarized in Alg. 1. After each
block is encoded, its KV pairs are appended to the



Algorithm 1 Block-wise Prefill with KV Eviction

1: Input: Input sequence S, Block size b, Mem-
ory budget M
2: Output: Compressed KV Cache C

3: Partition S into blocks {Bj, Bo, ..., By} of
size b
4: C« 0 > Initialize empty cache

5: for each block B; € {By,...,By} do
(K;,V;) < ComputeKV(B;) > Generate
KV pairs for current block
7: C + CU(K;,V;) > Append new pairs to
cache
if |C| > M then
. kexcess — |C‘ - M
10 C < Evict(C, kegcess) > Reduce cache
to budget M
11: end if
12: end for
13: return C

cache and pruned to satisfy a fixed budget M. This
explicitly bounds the KV-cache size throughout
prefill, preventing peak memory growth.

Block-wise prefill is well suited to multimodal
inputs. Unlike text, visual inputs exhibit strong
structural organization: images consist of spatially
coherent tiles, and videos of temporally contiguous
frame groups. We align block boundaries with
these visual structures, enabling eviction decisions
to be made at semantically meaningful granularity
and improving robustness to compression.

3.2 Eviction Strategies

Within the block-wise framework, we consider two
complementary eviction strategies that differ in
their reliance on query information. Both operate
online during prefill and are applied immediately
after each block.

Query-Aware Eviction. For single-turn settings,
we adopt a query-aware eviction strategy based on
SnapKV (Li et al., 2024). Proxy query tokens are
extracted from the textual prompt and used to com-
pute cross-attention over cached keys. Given query
features qqps and cached key k;, the importance
score is:

Gobs * ij

Vi

Tokens with lower importance scores are evicted
until the cache satisfies the budget M. Applied

aj = Softmax

“4)

Method (KV Budgel)‘lmageNeedle V* MLVU Video-MME (L) Average A

InternVL3.5-8B

Full Cache ‘ 80.31 84.35 51.28 53.89 67.46 -
SnapKV (4096) 80.94 82.72 50.00 52.33 66.50 0.96
SnapKV (2048) 80.31 83.76 49.61 52.33 66.50 0.96
SnapKV (1024) 80.00 82.61 51.00 53.11 66.68 0.78
KeyDiff (4096) 83.13 74.87 49.60 51.33 64.03 343
KeyDiff (2048) 79.69 75.39 50.40 52.00 6523 223
KeyDiff (1024) 74.06 74.35 50.40 5222 62.76  4.70

Qwen2.5-VL-7B

Full Cache ‘ 83.70 79.58 48.80 50.00 65.52 -
SnapKV (4096) 85.00 78.53 44.82 48.77 6428 1.24
SnapKV (2048) 72.19 78.53 45.42 49.11 61.31 421
SnapKV (1024) 4531 76.96 46.02 49.56 54.46 11.06
KeyDiff (4096) 81.56 79.58 47.41 49.33 64.47 1.05
KeyDiff (2048) 78.44 69.63 46.41 48.00 60.62 4.9
KeyDiff (1024) 66.25 67.02 43.43 46.55 5582 9.7

Table 1: Performance under fixed KV-cache budgets.
Best results are in bold. A denotes the difference from
the full-cache baseline. Our method maintains stable
performance across compression settings, with minimal
degradation even at a budget of 1024 (~ 90% compress)

Memory Scalability Inference Latency
90000] —e= Baseline o Baseline
~&— Post Prefill oom 101 @ post prefill
40000 - - Tiled (Ours) - Tied (Ours)

@ 8
£ 70000

2
£ 60000

Time (sec)

0 0 50 (] o

20 30 2 30
Number of Tiles Number of Tiles

Figure 1: Peak memory usage and inference latency
as the number of image tiles increases (InternVL-3.5).
Our method maintains nearly constant peak memory
during prefill under a fixed KV-cache budget, prevent-
ing out-of-memory (OOM), at the cost of increased
inference latency due to sequential processing.

sequentially during prefill, this strategy prioritizes
visually salient regions relevant to the task while
discarding redundant tokens early.

Query-Agnostic Eviction. For potential multi-
turn scenarios where query signals may be unavail-
able, we employ a query-agnostic strategy based on
KeyDiff (Park et al., 2025). The method preserves
representational diversity by retaining keys that de-
viate most from the average representation. Specif-
ically, we define an anchor vector i as the mean of
cached keys and prioritize retention of keys with
lower similarity to y. This avoids O(N?) pairwise
comparisons while preserving outliers and rare vi-
sual features without relying on query information.

4 Experiments

4.1 Benchmark Performance

Benchmarks. We evaluate on benchmarks that
are sensitive to the scale and structure of visual to-
kens. For images, we use ImageNeedleInHaystack
from MileBench (Song et al., 2024) and V* (Wu



(a) Forward under budget

(b) Static vs. Dynamic

(c) Input res. vs. Compression

Method (KV Budget) | ImageNeedle Method (KV Budget) | ImageNeedle Method (KV Budget) | ImageNeedle
Block Forward (1024) 80.94 Static (1024) 80.31 Compression (1024) 80.31
Bulk Forward (1024) 80.31 Dynamic (1024) 74.68 Reduction (1024) 9.38

Table 2: Analysis of prefill strategies under a fixed KV-cache budget. (a) Forward execution strategies, (b) static
vs. dynamic budgeting, and (c) input resolution reduction vs. prefill-stage compression.

Block Size (KV Budget)‘lmageNeedle Global Peak (GB) Avg. Peak (GB)

QOwen2.5-VL-7B

256 (2048) 72.19 17.80 17.12
512 (2048) 75.31 18.00 17.19
784 (2048) 80.63 18.21 17.26
1024 (2048) 79.38 18.38 17.37

Table 3: Effect of block size under a fixed KV-cache
budget (Qwen2.5-VL-7B). Performance peaks at block
size 784, which matches the model’s native visual tok-
enization.

and Xie, 2024), which require dense visual lo-
calization. For videos, we adopt MLVU (Zhou
et al., 2024) and the long-video setting of Video-
MME (Fu et al., 2025). All experiments are con-
ducted on NVIDIA A100 GPUs using standard
evaluation protocols. We report task accuracy, av-
erage accuracy, and the difference A relative to the
full-cache baseline.

Main results. We evaluate InternVL3.5-
8B (Wang et al., 2025) and Qwen2.5-VL-7B (Bai
et al., 2025). InternVL3.5-8B is tested with up to
36 image tiles (9,216 vision tokens) and 32 video
frames (8,192 tokens), while Qwen2.5-VL-7B
uses up to 8,192 vision tokens for both modalities.
Unless stated otherwise, the block size is 256.

As shown in Tab. 1, our prefill-stage compres-
sion preserves performance under aggressive KV-
cache budgets, achieving up to ~90% compression.
Fig. 1 shows that peak KV-cache memory remains
nearly constant as image tiles increase, whereas
baseline methods grow linearly and encounter out-
of-memory failures beyond 36 tiles. These results
demonstrate that our method controls peak memory
usage during prefill without sacrificing accuracy.

4.2 Result Analysis

Query-aware vs. query-agnostic eviction.
Query-aware eviction (SnapKV) achieves the
strongest performance when query signals are
available, particularly at small budgets. On
InternVL3.5-8B, SnapKV at budget 1024 incurs
only a 0.78 average accuracy drop. The query-
agnostic KeyDiff variant remains competitive, with
modest degradation at larger budgets (e.g., 3.43 at
4096), indicating that preserving representational

diversity alone retains task-relevant information
and supports multi-turn settings.

Video tasks and non-monotonic behavior. On
video benchmarks, reducing the cache budget
does not always degrade performance monotoni-
cally. For InternVL3.5-8B, SnapKV at budget 1024
achieves slightly improved results on MLVU and
Video-MME, suggesting that prefill-stage compres-
sion suppresses redundant temporal information
and yields more focused representations.

Latency and budgeting. Block-wise prefill in-
creases latency due to sequential execution; how-
ever, a hybrid strategy that processes the first M
tokens in a single forward pass (budget 1024) yields
comparable accuracy (80.94 vs. 80.31 on Image-
Needle; Tab. 2(a)) and is used by default. Dynamic
layer-wise budgeting (Li et al., 2025; Wan et al.,
2025b) underperforms static allocation during pre-
fill (5.63-point drop at budget 1024; Tab. 2(b)),
likely due to incomplete attention statistics.
Compression vs. Input reduction. Reducing in-
put resolution under the same KV-cache budget
causes severe performance degradation (9.38 accu-
racy on ImageNeedle; Tab. 2(c)), whereas prefill-
stage compression preserves high-resolution visual
information while controlling memory usage.
Block size and structural alignment. Block size
has a strong impact on compression effectiveness.
For Qwen2.5-VL-7B, accuracy peaks at block size
784 under a budget of 2048, which exactly matches
the model’s native 28 x 28 visual tokenization. In
contrast, block sizes that are misaligned with this
tokenization (e.g., 512) lead to reduced robustness,
explaining the larger performance drop observed
for Qwen2.5-VL-7B in Tab. 1. This result high-
lights that compression granularity must align with
the spatial structure of visual representations, and
that vision-aware block design is critical for main-
taining performance.

5 Conclusion

We propose a prefill-aware, block-wise KV-cache
compression method achieving up to ~90% cache
reduction with minimal performance loss.



Limitations

Our method enforces a fixed KV-cache budget dur-
ing prefill and therefore introduces several natural
trade-offs. Block-wise prefill processes inputs se-
quentially, which can increase inference latency
compared to bulk execution, reflecting an inher-
ent memory—latency trade-off; in practice, this
overhead can be mitigated with hybrid execution
strategies. In addition, compression effectiveness
depends on alignment between block boundaries
and the structure of visual representations, and
query-agnostic eviction prioritizes general repre-
sentational diversity rather than task-specific rele-
vance. Finally, our approach focuses on inference-
time optimization without modifying training, and
models explicitly trained with prefill-stage com-
pression may further improve robustness.

Ethical Considerations

This work focuses on improving inference-time
memory efficiency for multimodal large language
models through KV-cache management. The pro-
posed method does not introduce new model ca-
pabilities, training data, or deployment scenarios,
and does not alter model behavior beyond resource
usage. As such, it does not raise additional ethi-
cal concerns beyond those already associated with
large language models and multimodal systems in
general.
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Appendix
A Related Works

The rapid growth of the key—value (KV) cache
in long-context inference has motivated exten-
sive research on cache compression methods (Li
et al., 2024; Zhang et al., 2023; Park et al., 2025;
Xiao et al., 2023), commonly categorized into
quantization-, eviction-, and merging-based ap-
proaches. This work focuses on eviction-based
methods, with emphasis on their limitations in mul-
timodal large language models (MLLMs).

KV-Cache Eviction in LLMs. KV-cache evic-
tion strategies maintain a fixed memory budget
by selectively discarding tokens that are unlikely
to contribute to future generation. Early methods
such as StreamingLL.M (Xiao et al., 2023) iden-
tify attention sinks and retain them together with a
sliding window of recent tokens. More advanced
approaches, including H,O (Zhang et al., 2023) and
SnapKV (Li et al., 2024), leverage accumulated at-
tention statistics to preserve heavy hitter tokens
that are frequently attended to during decoding.

Complementary query-agnostic strategies avoid
reliance on a specific query signal. KeyDiff (Park
et al., 2025) observes that highly attended tokens
tend to be representationally diverse, and therefore
retains keys that are distant from the centroid of the
key distribution. Unlike query-dependent methods,
such approaches enable the compressed KV cache
to be reused across different queries.

KV-Cache Eviction in MLLMs. In multimodal
settings, K'V-cache eviction must additionally ad-
dress the substantial redundancy introduced by
large numbers of visual tokens. LOOK-M (Wan
et al.,, 2024) exploits the tendency of MLLMs
to prioritize textual tokens, selectively pruning
visual tokens while preserving the text prompt.
MEDA (Wan et al., 2025b) introduces layer-wise
adaptive budget allocation guided by cross-modal
attention entropy, allowing visually sensitive lay-
ers to retain denser representations. FlowMM (Li
et al., 2025) further extends this direction by dy-
namically merging tokens based on cross-modal
attention patterns. Together, these methods move
beyond coarse window-based pruning toward more
modality-aware KV-cache management, but pri-
marily operate after the full multimodal context
has been processed.

B Discussion

The results demonstrate that controlling peak mem-
ory during the prefill stage is both feasible and
critical for scaling multimodal inference to high-
resolution and long-context visual inputs. By shift-
ing K'V-cache compression from a post-prefill op-
eration to an online, structure-aligned process, our
framework enables models to retain high-resolution
visual information while operating under strict
memory budgets. The consistent performance ob-
served across image and video benchmarks, to-
gether with stable peak memory usage and the
avoidance of out-of-memory failures, suggests that
prefill-aware compression addresses a fundamen-
tally different bottleneck than existing decoding-
time methods. More broadly, these findings indi-
cate that memory efficiency in MLLMs is not solely
a function of final cache size, but is strongly shaped
by how and when visual context is processed dur-
ing inference.
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