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Abstract001

Key-Value (KV) caching is essential for effi-002
cient inference in multimodal large language003
models (MLLMs), yet its memory footprint004
grows linearly with context length and becomes005
a major bottleneck due to the large number006
of visual tokens. Recent prefill-stage KV se-007
lection methods estimate KV importance from008
prefilling statistics, implicitly assuming that009
prefilling-time queries are representative of010
those encountered during decoding.011

We show that this assumption breaks down in012
multimodal inference, where decoding-time013
queries exhibit substantially larger variance014
than prefilling-stage representations, leading015
to unstable KV importance estimation under016
tight cache budgets. As a result, small rank-017
ing errors can disproportionately discard se-018
mantically critical visual tokens and degrade019
grounding and reasoning performance. We pro-020
pose MM-ShiftKV, a training-free, decode-021
aware and strictly prefill-only KV selection022
method. MM-ShiftKV approximates decoding-023
time query behavior during prefilling by con-024
structing variance-expanded query proxies and025
estimates prompt KV importance based on026
their aggregated attention mass. Experiments027
on multimodal benchmarks demonstrate that028
MM-ShiftKV consistently outperforms exist-029
ing methods under strict KV-cache budgets.1030

1 Introduction031

Multimodal large language models (MLLMs) ex-032

tend text-only language models with the ability to033

generate language grounded in visual inputs, en-034

abling applications such as optical character recog-035

nition (OCR), document understanding, and visual036

question answering (Li et al., 2024a; Bai et al.,037

2025). During inference, these models process038

1Anonymous code and scripts for reproducing the
experiments are available at https://anonymous.4open.
science/r/mm-shiftkv.

short textual prompts together with high-resolution 039

visual inputs, which are encoded during prefilling 040

into long multimodal sequences dominated by vi- 041

sual tokens (Arif et al., 2025), followed by autore- 042

gressive decoding to generate textual outputs. Effi- 043

cient decoding relies on Key–Value (KV) caching, 044

whose memory footprint grows linearly with the 045

encoded sequence length, making KV cache size 046

and access cost a primary bottleneck for memory 047

consumption and decoding efficiency. 048

To mitigate this bottleneck, recent work has pro- 049

posed prefill-stage KV cache selection, which re- 050

tains a subset of KV states after prefilling and 051

reuses them during decoding (Xiao et al., 2023; Li 052

et al., 2024b; Devoto et al., 2025; Park et al., 2025). 053

Compared to decoding-time cache eviction or adap- 054

tive cache compression (Xiao et al., 2024), these 055

prefill-only approaches are attractive because they 056

are training-free (Li et al., 2024b), introduce no 057

decoding-time intervention, and remain compatible 058

with advanced attention kernels such as FlashAt- 059

tention (Dao, 2023). Most methods estimate KV 060

importance from statistics observed during prefill- 061

ing, implicitly assuming that prefill-stage represen- 062

tations and attention behavior are representative of 063

those encountered during decoding. 064

This implicit assumption becomes fragile in mul- 065

timodal inference due to the heterogeneity of multi- 066

modal inputs. A large number of visually redundant 067

tokens coexist with a small subset of semantically 068

critical tokens (Tao et al., 2025; Chen et al., 2025), 069

such that small errors in KV ranking may dispro- 070

portionately remove critical representations. As a 071

result, existing prefill-stage KV selection methods 072

often lead to degraded language grounding, unsta- 073

ble reasoning, and significant performance drops 074

on multimodal tasks (Devoto et al., 2025; Li et al., 075

2024b; Park et al., 2025; Devoto et al., 2024). 076

At a more fundamental level, prefilling and de- 077

coding correspond to distinct functional stages of 078

multimodal inference. Prefilling primarily empha- 079
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Figure 1: Prefill–decode statistics and decode-time attention coverage. (a) Layer-wise mean and variance of
hidden-state representations during prefill and decoding on OCRBench. (b) Attention mass coverage (retained
prompt), measured as the fraction of decode-time attention probability mass assigned to prompt KV tokens retained
after prefilling.

sizes visual perception and cross-modal alignment,080

whereas decoding shifts toward language genera-081

tion and reasoning conditioned on previously gen-082

erated tokens. Although the two stages share iden-083

tical model parameters, they may induce different084

distributions of hidden states and attention queries,085

a phenomenon that we systematically analyze in086

Section 2. Consequently, importance estimates de-087

rived solely from prefilling-stage statistics can be088

misaligned with decoding-time behavior, leading to089

unreliable KV selection under strict cache budgets.090

In this work, we propose MM-ShiftKV, a091

training-free and strictly prefill-only KV selection092

framework for multimodal inference. Our core093

idea is to make prefill-stage KV selection explicitly094

decode-aware by calibrating importance estimates095

to reflect the distributional properties of decoding-096

time queries, rather than relying solely on prefill-097

stage statistics. Decode-aware here does not im-098

ply performing KV eviction or re-ranking during099

decoding, but instead adjusts prefill-based query100

proxies to better approximate decoding-time behav-101

ior. Concretely, MM-ShiftKV performs one-shot102

KV selection at the end of prefilling by sampling103

variance-expanded, decode-aligned query proxies104

from global prefilling statistics and estimating KV105

importance based on aggregated attention mass.106

The resulting compact prompt KV cache is reused107

unchanged during decoding, enabling efficient and108

robust multimodal inference under strict budgets.109

Contributions.110

• We identify a persistent prefill–decode scale mis-111

match in multimodal inference, where decoding-112

time hidden-state representations exhibit sub- 113

stantially larger variance than those observed 114

during prefilling. 115

• We show that this mismatch causes prefill-based 116

query proxies to be under-scaled, leading to dis- 117

torted query–key relevance estimation and unsta- 118

ble KV selection under strict KV-cache budgets. 119

• We propose MM-ShiftKV, a training-free and 120

strictly prefill-only KV selection framework that 121

constructs variance-expanded, decode-aligned 122

query proxies to estimate prompt KV impor- 123

tance. 124

• We demonstrate improved accuracy–memory– 125

latency trade-offs on representative OCR, 126

grounding, and long-context VQA benchmarks 127

under tight KV-cache constraints. 128

2 Observation: Prefill–Decode Scale 129

Mismatch in Multimodal Inference 130

. 131

Recent work has shown that activation statistics 132

in large language models exhibit structured prop- 133

erties that can be exploited in a training-free man- 134

ner (Liu et al., 2024a). Inspired by the properties, 135

most prefill-stage KV selection methods assume 136

that statistics observed during prefilling remain rep- 137

resentative of KV usage during decoding. 138

As discussed in Section 1, this assumption is 139

critical for prefill-stage KV selection, yet it has 140

not been carefully examined in multimodal infer- 141

ence, and we provide detailed theoretical proofs 142

in Appendix A. In this section, we show that the 143

assumption is empirically violated and character- 144
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ize a consistent prefill-decode statistical mismatch145

on OCRBench (Liu et al., 2023) and Qwen2.5-146

VL-Instruct. Further results are provided in the147

Appendix C.148

Specifically, we observe that hidden-state rep-149

resentations during prefilling and decoding differ150

substantially in their statistical scale. Figure 1a151

reports the layer-wise mean and standard devia-152

tion of hidden features for Qwen2.5-VL-Instruct153

evaluated on OCRBench. Although prefilling154

and decoding share identical model parameters,155

decoding-stage representations exhibit consistently156

larger variance across layers, while mean shifts157

remain relatively moderate. This indicates that158

prefilling-stage statistics systematically underesti-159

mate the scale of decoding-time representations, a160

phenomenon that lacks dedicated research in prior161

work on prefill-stage KV selection.162

This statistical mismatch has direct implications163

for the stability of prefill-stage KV selection. Ex-164

isting methods typically rely on prefilling-stage165

signals, such as local attention behavior, sequence-166

level activation statistics, and KV similarity, to esti-167

mate the importance of the token. When these sig-168

nals are under-scaled relative to true decoding-time169

queries, the resulting importance estimates become170

distorted. Figure 1b quantifies this effect using at-171

tention mass coverage, measured as the fraction of172

decoding-time attention probability mass assigned173

to prompt KV tokens retained after prefilling. Fol-174

lowing the standard prefill-only protocol, KV selec-175

tion is performed once at the end of prefilling, and176

the compressed prompt KV cache is kept fixed dur-177

ing decoding. Across methods, attention coverage178

is consistently reduced and exhibits high variance179

under tight cache budgets, indicating that KV sets180

selected from prefilling statistics fail to reliably181

capture decoding-time KV usage.182

Taken together, these results demonstrate183

that prefill-stage KV selection based solely on184

prefilling-stage statistics is inherently brittle in mul-185

timodal settings. The observed prefill-decode sta-186

tistical mismatch highlights the need to explicitly187

account for decoding-time query behavior while188

remaining strictly within the prefill-only regime.189

This insight forms the basis for the decode-aware190

prefill-stage KV selection approach developed in191

the next section, which achieves the highest atten-192

tion coverage shown in Figure 1b.193

3 Method 194

Core Idea. MM-ShiftKV addresses the instabil- 195

ity of prefill-stage KV selection in multimodal in- 196

ference by explicitly approximating how prompt 197

keys will be accessed by future decoding queries. 198

Since decoding-time queries are unavailable dur- 199

ing prefilling, the core idea is to construct a set 200

of synthetic query proxies during the prefill stage 201

that approximate the distributional properties of de- 202

coding queries. Prompt keys that are consistently 203

attended by these query proxies are more likely to 204

be important during decoding and should therefore 205

be retained under the limited KV-cache budget. 206

3.1 Problem Definition 207

Before describing our method, we formalize the 208

prefill-stage KV selection problem in multimodal 209

inference. 210

Input Sequence. Given a multimodal input se- 211

quence 212

X = (x1, x2, . . . , xT ), (1) 213

where tokens include both visual and textual modal- 214

ities, and T denotes the sequence length of the 215

prefill stage. 216

Prompt KV cache. During prefilling, the model 217

computes KV representations for all prompt tokens 218

at each transformer layer ℓ and KV head h. The 219

resulting set of KV pairs forms the prompt KV 220

cache: 221

C(ℓ,h) = {(k(ℓ,h)t , v
(ℓ,h)
t )}t∈T , (2) 222

where T = {1, . . . , T} indexes prompt tokens. 223

These prompt KVs are repeatedly accessed dur- 224

ing decoding and dominate memory consumption 225

and attention computation in inference. 226

Prefill-stage KV selection. With a given cache 227

budget Cℓ,h for each layer ℓ and KV head h, the 228

objective of the prefill-stage KV selection is to 229

retain a subset 230

C′(ℓ,h) ⊆ C(ℓ,h), |C′(ℓ,h)| ≤ Cℓ,h, (3) 231

which is reused throughout the decoding to reduce 232

memory usage and attention cost while preserving 233

generation quality. 234

In practice, the KV selection is performed inde- 235

pendently for each layer and head, and executed 236

once at the end of prefilling. Note that the selected 237

prompt KV cache remains fixed during decoding, 238

while KV pairs from newly generated tokens are 239

appended in a standard autoregressive manner. 240
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Figure 2: Overview of MM-ShiftKV. The method computes global statistics from prefilling hidden states and
constructs variance-expanded, decode-aware query proxies during prefilling. These query proxies are used to
estimate prompt KV importance via attention-mass aggregation and group-wise voting with a last-token anchor,
yielding a compact KV cache under a fixed budget.

3.2 MM-ShiftKV241

Figure 2 provides an overview of MM-ShiftKV.242

The method consists of three steps executed dur-243

ing prefilling: (1) constructing decode-aware query244

proxies, (2) estimating prompt KV importance245

via mass-based voting, and (3) performing bud-246

geted KV selection based on aggregated impor-247

tance scores. All steps are strictly prefill-only and248

introduce no decoding-time intervention.More im-249

plementation details can be found in Appendix B.250

3.2.1 Query Proxy Construction251

To approximate decoding-time query behavior,252

MM-ShiftKV constructs a set of synthetic query253

proxies using prefilling-stage statistics.254

Prefilling hidden-state statistics. Let h(ℓ) ∈ Rd255

denote the hidden states produced at layer ℓ during256

prefilling. We summarize these representations257

using element-wise statistics:258

µ
(ℓ)
pre = mean(h(ℓ)), σ

(ℓ)
pre = std(h(ℓ)), (4)259

computed across prompt tokens for each feature260

dimension.261

Variance-expanded sampling. As shown in Sec-262

tion 2, decoding-time queries exhibit substantially263

larger variance than prefilling-stage representations.264

To approximate this effect, we introduce a variance 265

expansion factor γ > 1 and sample N proxy hidden 266

states {H̃(ℓ)
i }Ni=1 from 267

H̃
(ℓ)
i ∼ N

(
µ
(ℓ)
pre, diag

(
(γσ

(ℓ)
pre)

2
))

. (5) 268

Query proxy projection and positioning. Each 269

proxy hidden state is projected into the query space 270

using the model’s query projection matrix: 271

q
(ℓ,h)
i = W

(ℓ,h)
Q H̃

(ℓ)
i , i = 1, . . . , N. (6) 272

The resulting vectors {q(ℓ,h)i } are referred to as 273

query proxies. To reflect that decoding queries at- 274

tend to prompt keys from future positions, query 275

proxies are assigned synthetic future positions and 276

encoded using the model’s rotary positional em- 277

bedding (RoPE), while prompt keys retain their 278

prefilling-stage positional encodings. 279

3.2.2 KV Importance Estimation 280

Given a set of query proxies, MM-ShiftKV esti- 281

mates the importance of each prompt key based on 282

how consistently it attends across diverse proxies. 283

Proxy-induced attention. For each query proxy 284

q
(ℓ,h)
i , we compute its attention distribution over 285
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prompt keys:286

at

(
q
(ℓ,h)
i

)
= softmax


(
q
(ℓ,h)
i

)⊤
k
(ℓ,h)
t

√
d

 , t ∈ T

(7)287

Mass aggregation and voting. The N query288

proxies are partitioned into G disjoint groups289

{Ig′}Gg′=1. For each group g′, attention masses290

are aggregated as291

ā
(g′)
t =

∑
i∈Ig′

at

(
q
(ℓ,h)
i

)
, t ∈ T (8)292

Prompt keys are then ranked in descending order293

of ā(g
′)

t , and we define Sg′ ⊆ T as the smallest set294

of keys whose cumulative mass satisfies295 ∑
t∈Sg′

ā
(g′)
t ≥ τ

∑
t∈T

ā
(g′)
t , (9)296

where τ ∈ (0, 1) is a predefined mass threshold.297

Each selected key receives one vote, and the final298

importance score of key t is given by299

vote(t) =
G∑

g′=1

1[t ∈ Sg′ ]. (10)300

3.2.3 Budgeted KV Selection301

KV selection is performed independently for each302

layer ℓ and KV head h. Among the prompt keys,303

we retain the most recent key to ensure decoding304

stability and select the remaining keys based on305

their aggregated importance scores. Specifically,306

the top Cℓ,h − 1 keys ranked by vote(t) is used to307

form the compressed prompt KV cache.308

Overhead. Similar to existing prefill-only ap-309

proaches, MM-ShiftKV introduces additional com-310

putation only during the prefill stage. For each311

layer and KV head, it computes attention between312

N query proxies and |T | prompt keys once, fol-313

lowed by group-wise aggregation. The time com-314

plexity scales as O(N |T |), while the peak addi-315

tional memory can be bounded by O(|T |) using316

streaming implementations.317

4 Experiments318

We conduct extensive experiments to evaluate MM-319

ShiftKV under memory-constrained multimodal320

inference. Following prior work on prompt KV321

cache compression (e.g., SnapKV (Li et al., 2024b),322

Expectedattn (Devoto et al., 2025), and KEYD- 323

IFF (Park et al., 2025)), we focus on a one-shot pre- 324

filling setting, where the KV cache is compressed 325

once after prompt encoding and kept fixed through- 326

out decoding. 327

Our experiments aim to answer the following 328

questions: (i) how MM-ShiftKV compares with 329

existing prefill-stage KV compression baselines un- 330

der strict KV-cache budgets, (ii) how performance 331

degrades as the cache budget decreases, and (iii) 332

what accuracy-memory-latency trade-offs can be 333

achieved while remaining compatible with FlashAt- 334

tention (Dao, 2023)-style decoding kernels. 335

4.1 Experimental Setup 336

Models, Datasets, and Metrics. We evalu- 337

ate MM-ShiftKV on two representative mul- 338

timodal large language models, Qwen2.5-VL- 339

Instruct (Bai et al., 2025) and LLaVA-v1.6- 340

Vicuna-7B (Li et al., 2024a). Experiments are 341

conducted on a diverse suite of multimodal bench- 342

marks covering document understanding, OCR- 343

centric visual question answering, chart reasoning, 344

and image captioning. We employ OCRBench(Liu 345

et al., 2023) using exact-match accuracy to mea- 346

sure precise text recognition and DocVQA(Mathew 347

et al., 2021) using Average Normalized Leven- 348

shtein Similarity (ANLS) as the metric. For 349

chart reasoning and visual question answering, 350

we use exact-match accuracy on ChartQA(Masry 351

et al., 2022), TextVQA(Singh et al., 2019), and 352

MMMU(Yue et al., 2024) to measure the fraction 353

of correctly answered questions. For image caption- 354

ing, we evaluate TextCaps(Sidorov et al., 2020) 355

using caption quality consensus with reference cap- 356

tions (CIDEr) as the metric. For all metrics, higher 357

values indicate better performance. 358

Baselines. We compare against eviction-free in- 359

ference (Full KV) and strong prefilling-stage KV 360

compression baselines, including SnapKV (Li 361

et al., 2024b), ExpectedAttn (El Maalouly, 2022), 362

StreamingLLM (Xiao et al., 2023), and KEY- 363

DIFF (Park et al., 2025) (one-shot variant). All 364

baselines are evaluated under identical KV-cache 365

budgets and decoding settings, using their recom- 366

mended configurations. More details are provided 367

in the Appendix E. 368

Prefill-Only Evaluation Protocol and KV Bud- 369

get. Following prior work , we adopt a one-shot 370

prefilling protocol. Given an input prompt con- 371

sisting of both visual and textual tokens, we first 372
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Method DocVQA OCRBench TextVQA ChartQA TextCaps MMMU Avg
64 128 256 512 64 128 256 512 64 128 256 512 64 128 256 512 64 128 256 512 64 128 256 512 64 128 256 512

FullKV 94.5 82.3 83.0 83.2 58.7 50.8 75.4
StreamingLLM 41.0 45.1 56.5 69.1 29.3 48.5 65.2 72.0 52.4 60.6 69.4 76.8 68.7 74.4 80.2 82.3 22.1 34.3 45.2 53.2 50.2 50.4 50.2 50.4 44.0 52.2 61.1 67.3
ExpectedAttn 56.3 59.7 66.2 77.6 57.5 67.3 72.2 77.9 64.2 69.4 75.6 81.3 77.5 77.9 80.5 83.0 40.1 48.1 53.7 57.6 50.9 51.0 50.9 50.9 57.8 62.2 66.5 71.4
SnapKV 75.6 88.8 93.0 94.1 53.5 72.1 79.1 81.1 69.8 78.7 81.6 82.9 80.0 84.1 83.6 83.2 29.3 46.6 55.9 58.9 50.7 50.2 50.6 50.4 59.8 70.1 74.0 75.1
KEYDIFF 51.0 61.5 74.7 86.7 41.7 62.7 74.8 79.1 72.1 78.6 82.0 83.0 73.0 80.8 84.1 83.2 42.2 49.9 55.2 59.2 50.9 50.7 50.6 50.4 55.2 64.0 70.2 73.6
MM-ShiftKV 81.6 88.9 92.8 94.3 68.8 76.1 80.2 81.9 80.0 82.2 82.8 82.9 84.4 84.3 83.7 83.3 50.4 58.9 60.0 60.1 50.6 50.4 50.4 50.4 69.3 73.5 75.0 75.5

Table 1: Results on multimodal benchmarks under different per-head KV-cache budgets (64/128/256/512) using
Qwen2.5-VL-Instruct. FullKV denotes standard inference without KV cache compression. Avg is the arithmetic
mean over DocVQA, OCRBench, TextVQA, ChartQA, TextCaps, and MMMU.

Method DocVQA OCRBench TextVQA ChartQA TextCaps MMMU Avg
64 128 256 512 64 128 256 512 64 128 256 512 64 128 256 512 64 128 256 512 64 128 256 512 64 128 256 512

FullKV 68.0 52.0 65.0 55.0 73.0 36.4 58.2
StreamingLLM 27.3 28.6 30.8 35.8 12.9 19.4 25.4 31.8 39.4 41.0 42.8 47.1 23.9 23.9 24.3 27.1 28.8 33.0 36.2 42.1 36.9 36.4 36.4 36.2 28.2 30.4 32.7 36.7
ExpectedAttn 40.6 47.0 54.8 62.1 32.3 37.9 43.5 47.9 54.2 57.2 60.5 62.6 39.0 43.8 49.7 51.8 54.9 60.0 64.6 67.0 36.1 36.6 36.6 36.6 42.9 47.1 51.6 54.7
SnapKV 49.7 59.0 64.3 67.0 33.5 40.8 46.2 51.1 56.1 60.1 62.2 64.1 42.9 45.8 49.8 54.2 44.2 56.1 65.3 69.7 36.4 36.7 36.4 36.7 43.8 49.8 54.0 57.1
KEYDIFF 43.0 49.2 56.5 62.6 29.8 36.8 43.5 48.4 57.7 60.3 63.1 64.0 40.1 44.5 49.6 52.3 59.7 66.3 70.7 73.8 36.3 36.6 36.7 36.8 44.4 49.0 53.4 56.3
MM-ShiftKV 56.3 61.8 65.4 67.1 41.1 45.7 49.4 51.9 62.1 62.8 64.2 64.6 51.5 52.1 52.6 54.5 63.2 68.9 73.1 74.8 36.6 36.4 36.6 36.6 51.8 54.6 56.9 58.3

Table 2: Results on multimodal benchmarks under different per-head KV-cache budgets (64/128/256/512) using
LLaVA-v1.6-Vicuna-7B. FullKV denotes standard inference without KV cache compression. Avg is the arithmetic
mean over DocVQA, OCRBench, TextVQA, ChartQA, TextCaps, and MMMU.

Method DocVQA OCRBench TextVQA ChartQA TextCaps MMMU Avg
64 128 256 512 64 128 256 512 64 128 256 512 64 128 256 512 64 128 256 512 64 128 256 512 64 128 256 512

PyramidKV 49.0 60.0 64.9 67.1 31.2 40.9 47.6 50.1 55.0 60.0 62.6 64.1 41.0 47.1 53.0 54.9 41.6 57.4 64.9 69.5 36.3 36.4 36.4 36.4 42.3 50.3 54.9 57.0
+ours ↑ 8.9 ↑ 2.5 ↑ 1.0 ↑ 0.1 ↑ 11.6 ↑ 6.5 ↑ 1.9 ↑ 1.2 ↑ 6.4 ↑ 3.3 ↑ 1.4 ↑ 0.5 ↑ 8.4 ↑ 5.6 ↑ 1.7 ↑ 0.1 ↑ 23.2 ↑ 11.5 ↑ 8.2 ↑ 4.8 ↑ 0.1 0.0 ↑ 0.1 ↑ 0.1 ↑ 9.8 ↑ 4.9 ↑ 2.4 ↑ 1.1

AdaKV 54.1 60.6 65.2 67.5 35.1 43.0 48.4 50.8 56.0 59.8 61.9 64.2 43.8 45.7 49.1 54.8 47.2 59.2 65.9 70.3 36.1 36.3 36.4 36.4 45.4 50.8 54.5 57.3
+ours ↑ 4.7 ↑ 3.4 ↑ 0.7 0.0 ↑ 9.2 ↑ 4.1 ↑ 2.6 ↑ 1.9 ↑ 5.1 ↑ 2.0 ↑ 1.5 ↑ 0.5 ↑ 5.1 ↑ 3.8 ↑ 3.4 0.0 ↑ 19.0 ↑ 11.7 ↑ 7.2 ↑ 4.3 ↑ 0.2 ↑ 0.1 0.0 0.0 ↑ 7.2 ↑ 4.2 ↑ 2.6 ↑ 1.1

SparseMM 63.7 66.7 67.8 68.0 47.8 50.1 52.3 52.8 63.1 64.1 64.7 64.7 52.7 53.8 53.9 54.8 59.9 70.7 72.8 73.3 36.4 36.6 36.3 36.4 53.9 57.0 58.0 58.3
+ours ↑ 1.2 ↑ 0.3 ↑ 0.1 0.0 ↑ 1.3 ↑ 0.7 ↑ 0.1 0.0 ↑ 0.4 0.0 0.0 0.0 ↑ 0.1 ↑ 0.1 ↑ 0.5 0.0 ↑ 6.0 0.0 ↑ 0.1 ↑ 0.1 0.0 ↓ 0.2 ↑ 0.1 0.0 ↑ 1.5 ↑ 0.2 ↑ 0.2 0.0

Table 3: Results on multimodal benchmarks with different KV-cache budget allocation methods under various
per-head KV-cache budgets (64/128/256/512) using LLaVA-v1.6-Vicuna-7B. +ours applies MM-ShiftKV as a
prefill-only KV selection module on top of the original allocation strategy, without changing its budget. Avg is the
arithmetic mean over DocVQA, OCRBench, TextVQA, ChartQA, TextCaps, and MMMU.

perform standard prefilling to compute the full KV373

cache. Each method is then applied once at the374

end of prefilling to score and select a subset of KV375

pairs according to its selection policy, producing376

a compressed prompt KV cache that is kept fixed377

throughout decoding. No decode-time eviction,378

re-ranking, or decoding-time statistics are used.379

KV-cache budgets are defined at the level of in-380

dividual KV heads for each transformer layer, with381

per-head budgets C ∈ {64, 128, 256, 512}. Unless382

otherwise specified, the same budget is applied uni-383

formly across all layers and all KV heads. For mod-384

els with Grouped-Query Attention (GQA) (Ainslie385

et al., 2023) or Multi-Query Attention (MQA) (Ko-386

matsuzaki et al., 2022), where multiple query heads387

share one KV head, attention statistics from the388

corresponding query heads are aggregated, and the389

budget is applied at the head level.390

Implementation and Hyperparameters. Un-391

less otherwise specified, we use N=512 decode-392

aligned query proxies, partitioned into G=32393

Task OCRBench DocVQA ChartQA TextVQA TextCaps

LLaVA-Series 1700 2433 2270 2376 2376
Qwen2.5-VL-Instruct 1245 4830 642 1024 1024

Table 4: Average number of input tokens across bench-
marks. Text instructions are short, and visual tokens
constitute the majority of the input sequence.

groups of size g=16 (N = Gg), with variance 394

expansion factor γ=10, attention mass threshold 395

τ=0.95, and last-token anchor weight λ=1. All hy- 396

perparameters are fixed globally and shared across 397

models, datasets, and budgets. We apply greedy 398

decoding with a maximum generation length of 64. 399

All experiments are conducted on NVIDIA H100 400

80GB GPUs using CUDA 12.8 and FlashAttention 401

2.4.1 with mixed-precision (fp16/bf16). Detailed 402

proofs for hyperparameter selection are detailed in 403

the Appendix D. 404

Results on multi-modal benchmarks. We eval- 405

uate MM-ShiftKV on a diverse set of multimodal 406

benchmarks under different per-head KV-cache 407
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budgets. Across both backbone models and all408

tasks, MM-ShiftKV consistently outperforms ex-409

isting prefill-stage KV selection baselines, with the410

performance gap becoming more pronounced as411

the KV budget decreases.412

Under extreme compression (64 tokens per KV413

head), baseline methods often suffer from per-414

formance degradation, particularly on OCR- and415

grounding-centric tasks. Compared to strong416

prefill-only baselines, MM-ShiftKV achieves rel-417

ative accuracy improvements on the order of418

20%–30% in representative document understand-419

ing benchmarks. When compared to decode-420

agnostic or heuristic KV selection methods, relative421

performance gains can exceed 50%, highlighting422

the brittleness of decode-unaware KV management423

under multimodal inputs.424

Consistent trends are also observed on425

generation-oriented tasks. Under the same extreme426

budget, MM-ShiftKV yields relative improvements427

of approximately 40% or more in generation428

quality compared to prefill-only baselines, indicat-429

ing substantially better preservation of visually430

grounded information required for coherent431

multimodal generation.432

In addition to standalone performance, MM-433

ShiftKV remains complementary to KV budget434

allocation strategies. As shown in Table 3, inte-435

grating MM-ShiftKV with representative budget436

allocation methods leads to consistent relative im-437

provements, typically in the range of 10%–20%438

under the most restrictive budgets. These results439

indicate that correcting the prefill–decode scale440

mismatch improves KV selection quality indepen-441

dently of how KV budgets are allocated across442

layers or heads.443

Overall, the results demonstrate that MM-444

ShiftKV provides a robust and effective prefill-445

only solution for multimodal inference under strict446

KV-cache constraints, offering favorable accuracy–447

memory trade-offs while remaining compatible448

with different KV budgeting schemes.449

4.2 Ablation Study450

We analyze the contribution of individual compo-451

nents in MM-ShiftKV through ablation experi-452

ments under a fixed per-head KV cache budget.453

All ablation experiments are conducted using the454

Qwen2.5-VL-7B-Instruct model, following the455

same prefill-only evaluation protocol as in the main456

experiments. We start from a lightweight LastAttn457

baseline, which incorporates only the attention in-458

Variant Samp. Var. Exp. G Vote OCR TextCaps

LastAttn 52.3 40.8
+ Samp. ✓ 54.5 45.5
+ Var. Exp. ✓ ✓ 59.6 48.6
+ GVote ✓ ✓ ✓ 68.3 50.4

Table 5: Ablation study under a fixed per-head KV
cache budget. Samp., Var. Exp., and GVote denote
query proxy sampling, variance expansion, and group-
wise voting, respectively.

duced by the last prefill query, and progressively 459

add decode-aware query sampling, variance expan- 460

sion, and group-wise voting. Results are reported 461

on OCRBench and TextCaps in Table 5. 462

Overall Effect. As shown in Table 5, the Las- 463

tAttn baseline achieves 52.3 OCR accuracy and 464

40.8 CIDEr on TextCaps, providing a simple but 465

stable prefill-only reference. Enabling decode- 466

aware query sampling (+ Samp.) consistently im- 467

proves performance, increasing OCR accuracy to 468

54.5 and TextCaps CIDEr to 45.5. This indicates 469

that sampling query proxies aligned with the de- 470

coding stage provides a more informative estimate 471

of future attention behavior than relying solely on 472

prefilling-stage statistics. 473

Adding variance expansion (+ Var. Exp.) yields 474

further gains, improving performance to 59.6 on 475

OCRBench and 48.6 CIDEr on TextCaps. This 476

suggests that query proxies derived directly from 477

prefilling statistics are systematically under-scaled, 478

and that scale calibration is critical for capturing the 479

variability of decoding-time queries in multimodal 480

inference. 481

Finally, incorporating group-wise voting (+ 482

GVote) achieves the best overall results, reaching 483

68.3 OCR accuracy and 50.4 CIDEr on TextCaps. 484

By aggregating attention mass across groups of 485

query proxies, group-wise voting effectively re- 486

duces estimation variance and stabilizes KV rank- 487

ing under tight cache budgets. 488

Overall, these results demonstrate that decode- 489

aware query sampling, variance expansion, and 490

group-wise voting are complementary components. 491

Starting from a simple last-query attention anchor, 492

progressively introducing decode-aware calibration 493

and variance reduction is necessary to fully realize 494

the performance gains of MM-ShiftKV in prefill- 495

only multimodal inference. 496
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Figure 3: End-to-end decoding latency and peak GPU
memory usage under increasing input lengths. Bars
denote per-token decoding latency and lines indicate
peak GPU memory usage. All methods are evaluated
with a fixed per-head KV budget of 256 and a maximum
output length of 100 tokens.

4.3 Efficiency Evaluation497

Setup. We evaluate inference efficiency under498

long-context multimodal settings by varying the499

input length in {2K, 4K, 8K, 16K, 32K} while fix-500

ing the output length to 100 tokens. Following501

the main configuration, we apply a per-head KV502

cache budget of 256 after prefilling-stage compres-503

sion and report per-token decoding latency and504

peak GPU memory usage. All experiments use505

FlashAttention-compatible decoding kernels.506

Decoding Latency. As shown in Figure 3, MM-507

ShiftKV consistently reduces per-token decoding508

latency compared to FullKV, with the gap widen-509

ing as the input length increases. While FullKV ex-510

hibits steadily growing latency, MM-ShiftKV main-511

tains an almost constant latency profile, achieving512

up to a 1.9× speedup at 32K input length.513

Memory Cost. By bounding the prompt KV514

cache before decoding, MM-ShiftKV also sub-515

stantially reduces peak GPU memory usage. At516

32K input length, peak memory consumption is517

reduced from approximately 32.9 GB to 18.6 GB,518

corresponding to a reduction of about 43%. Over-519

all, MM-ShiftKV offers a more favorable latency–520

memory trade-off than existing prefilling-stage521

compression baselines.522

5 Related Work523

Current research on KV cache compression can524

be broadly categorized into two types, static prun-525

ing (Li et al., 2024b; Jiang et al., 2024; Devoto et al.,526

2024, 2025; Park et al., 2025) and dynamic evic-527

tion (Chen et al., 2025; Child et al., 2019), based on528

the intervention stage. Static pruning methods are529

primarily deployed during the prefill stage, where 530

the importance of each KV pair is evaluated us- 531

ing predefined metrics, and lower-scoring KV pairs 532

are pruned to reduce the initial memory footprint. 533

Dynamic eviction methods continuously discard 534

tokens during the decode stage to maintain a fixed- 535

size cache. There are three paradigms for KV cache 536

eviction: first, attention-based eviction (Li et al., 537

2024b; Devoto et al., 2025); second, value-based 538

analysis (Devoto et al., 2024; Park et al., 2025); 539

third, heuristic-based structural eviction (Cai et al., 540

2024b; Xiao et al., 2023). 541

A key limitation of these methods lies in their 542

implicit assumption of "distributional homogene- 543

ity" (Devoto et al., 2025; Cai et al., 2024a). How- 544

ever, MM-ShiftKV finds that in multimodal sce- 545

narios, there is a significant numerical distribution 546

shift between these two stages. MM-ShiftKV ex- 547

plicitly analyzes the differences in numerical be- 548

havior between the prefill and decode stages in mul- 549

timodal contexts. By introducing a group voting 550

mechanism, MM-ShiftKV achieves more robust 551

and accurate KV selection. 552

Additionally, some research efforts cover tech- 553

niques such as model quantization, early exiting, 554

and speculative decoding (Lin et al., 2024; El- 555

houshi et al., 2024; Child et al., 2019; Liu et al., 556

2024b; Xu et al., 2025; Su et al., 2025), while hard- 557

ware methods represent another important direc- 558

tion for efficient inference (Dao, 2023; Zheng et al., 559

2025). In multimodal scenarios, specialized strate- 560

gies have been proposed in existing works (Lin 561

et al., 2025), including the dynamic allocation of 562

attention head budgets (Wang et al., 2025; Yang 563

et al., 2025a; Wan et al., 2024) and token pruning 564

within visual encoders (Shen et al., 2024; Yang 565

et al., 2025b; Zhang et al., 2025). MM-ShiftKV is 566

complementary to these methods and can be com- 567

bined with multiple aforementioned approaches 568

simultaneously to obtain better performance. 569

6 Conclusion 570

We studied a previously overlooked aspect of multi- 571

modal inference: the systematic mismatch between 572

prefill and decoding stages. By making prefill- 573

stage KV selection decode-aware, MM-ShiftKV 574

provides a simple, training-free solution that aligns 575

prompt KV management with decoding-time query 576

distributions. Our results highlight decode-aware 577

KV management as a key design principle for scal- 578

able multimodal inference. 579
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7 Ethical Considerations580

All experiments in our work are conducted using581

open-source datasets and models. Our research582

is solely aimed at enabling efficient inference of583

multimodal large models (MLLMs), and does not584

involve any human subject, sensitive data, or com-585

mercial applications.586

8 Limitations587

While MM-ShiftKV exhibits prominent advantages588

in decoding latency optimization and inference589

accuracy performance under resource-constrained590

conditions, it still has certain limitations: First,591

the additional computation introduced by the vot-592

ing scoring for KV eviction processing in the pre-593

filling phase incurs a certain overhead. Although594

this overhead is negligible compared to the overall595

inference latency, there remains room for further596

acceleration in the prefilling phase. Second, MM-597

ShiftKV performs KV eviction only in the prefill-598

ing phase. Although the KV cache in the prefilling599

phase accounts for the largest proportion in most600

visual question answering tasks, this design poses601

certain challenges in some tasks that require long-602

context reasoning. Third, our method primarily603

focuses on image and video benchmarks (which604

generate a large amount of KV cache), but it may605

face new challenges for other tasks and modali-606

ties (e.g., audio-based multimodal large models or607

long-context reasoning scenarios).608

Nevertheless, MM-ShiftKV is compatible with609

multiple future extension directions, including com-610

bination with attention head budget allocation611

methods, integration of offloading techniques in the612

decoding phase, and joint application with other613

compression paradigms (e.g., model quantization,614

speculative decoding, etc.). We believe these di-615

rections will further enhance the generality and616

scalability of MM-ShiftKV.617
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(a) Layer 15

(b) Layer 21

Figure 4: The figure shows the overall numerical dis-
tribution of hidden states across different layers of the
LLaVA-NeXT-Vicuna-7B model during inference. We
flattened the hidden states to calculate their overall nu-
merical distribution, where the x-axis represents spe-
cific values and the y-axis denotes distribution density
(with the calculation formula as follows: density(x) =
freq(x)
N ·∆x ,where density(x): the empirical density (height

of the histogram) at value x;freq(x): the number of
samples falling into the interval centered at (or starting
from) x;N : the total number of all samples;∆x: the
width of the interval (bin).).

A Theoretical Analysis of Prefill–Decode 853

Scale Mismatch 854

This appendix provides a concise theoretical expla- 855

nation of the prefill–decode scale mismatch and 856

motivates variance-expanded, probe-based KV se- 857

lection as a principled decode-aware approximation 858

under prefill-only execution. 859

A.1 Distributional Shift Between Prefilling 860

and Decoding 861

As shown in Figure 4, the overall numerical distri- 862

bution of the hidden states across different layers 863

of the model during inference follows a Gaussian 864

distribution. We model hidden states at a given 865

layer as Gaussian random variables. Empirically, 866

decoding-time hidden states and query projections 867

exhibit larger variance than those observed during 868
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prefilling:869

hpre ∼ N (µ,Σpre),
hdec ∼ N (µ,Σdec)

(11)870

where871

Σdec ≻ Σpre. (12)872

Through linear query projection, this induces a873

corresponding variance gap in query distributions,874

causing prefilling-based query proxies to underesti-875

mate the support of true decoding-time queries.876

A.2 Impact on Attention Estimation877

For a fixed key k and Gaussian query q ∼878

N (µq,Σq), the expected unnormalized attention879

score admits the closed form880

E
[
exp

(
q⊤k√
d

)]
= exp

(
µ⊤
q k√
d

+
k⊤Σqk

2d

)
.

(13)881

Underestimating Σq therefore systematically un-882

derestimates expected attention mass, particularly883

for keys aligned with high-variance query direc-884

tions, leading to biased KV ranking under con-885

strained budgets.886

A.3 Variance-Expanded and Probe-Based887

Approximation888

To compensate for this bias without accessing889

decoding-time signals, we introduce a variance-890

expanded proxy distribution891

q̃ ∼ N (µq, γ
2Σq,pre), γ > 1. (14)892

This expansion enlarges the support of prefilling-893

based queries while preserving their mean struc-894

ture.895

KV importance is then estimated by sampling896

a finite number of query probes, yielding a Monte897

Carlo approximation of expected attention mass.898

Group-wise aggregation further reduces estimator899

variance without materializing attention matrices.900

A.4 Summary901

This analysis explains why uncalibrated prefill-902

based KV selection fails under distributional scale903

shift and why variance-expanded, probe-based904

attention estimation provides an effective and905

training-free decode-aware alternative for memory-906

constrained multimodal inference.907

B Implementation Details 908

Our method supports Grouped-Query Attention 909

(GQA) models such as Qwen2.5-VL-7B-Instruct 910

and LLaVA-v1.6-Vicuna-7B. In GQA, query states 911

have shape (B,L,Hq, d) and key-value states 912

stored in the KV cache have shape (B,L,Hkv, d), 913

with Hq = Hkv × G. For attention computa- 914

tion, we repeat the key and value states along the 915

head dimension to restore an MHA-like layout, 916

yielding attention scores of shape (B,Hq, Lq, Lk). 917

Although attention scores are computed at the 918

query-head level, KV cache budgeting is performed 919

at the key-value head level by aggregating the 920

scores of query heads belonging to the same key- 921

value head. KV importance is estimated during 922

prefilling using synthetic query probes sampled 923

from a recent context window (C = 512), with 924

N = 512 samples per layer, generated either by a 925

lightweight statistical predictor or a diagonal Gaus- 926

sian fallback. The probe queries are grouped into 927

Ggroups = 32 groups to stabilize estimation, and 928

tokens are ranked by aggregated attention scores. 929

For each key-value head, we select the smallest 930

set of tokens whose cumulative attention mass ex- 931

ceeds a fixed threshold (0.95), while always pre- 932

serving the most recent token and incorporating the 933

attention score from the last real query token. The 934

selected tokens are restored to their original tempo- 935

ral order, concatenated with the most recent token, 936

and inserted into the KV cache using the standard 937

update interface, ensuring full compatibility with 938

FlashAttention-style kernels. All experiments are 939

conducted in a purely inference-time setting with- 940

out additional training or fine-tuning. 941

C Additional Visualization Results 942

We present additional visualizations to complement 943

the statistical observations in Section 2 and to pro- 944

vide intuitive evidence of the prefill–decode scale 945

mismatch in long-context multimodal inference. 946

All visualizations are obtained using Qwen2-VL 947

on representative document understanding bench- 948

marks, including DocVQA and SynthDog. 949

As shown in Figure 5, FullKV exhibits steadily 950

increasing per-token decoding latency and prompt 951

KV cache size as the input length grows. In con- 952

trast, MM-ShiftKV bounds the prompt KV cache 953

after prefilling, resulting in near-constant decoding 954

latency and significantly reduced memory usage. 955

This visualization illustrates how prefill-only KV 956

selection decouples decoding cost from the original 957
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Algorithm 1 MM-ShiftKV (Prefill-only, Decode-
aware KV Selection)

Require: Prefill hidden states {h(ℓ)
t }Tt=1, prompt KVs

{(k(ℓ,h)
t , v

(ℓ,h)
t )}Tt=1, budget Cℓ,h

Ensure: Compressed KV cache C′(ℓ,h)

1: Compute prefill statistics (µ(ℓ)
pre , σ

(ℓ)
pre )

2: Sample N=Gg hidden states with variance expansion γ
3: Project samples to query proxies and apply future-position

RoPE
4: Partition query proxies into G groups of size g
5: for each group g′ do
6: Aggregate attention mass over prompt keys
7: Select minimal set covering fraction τ
8: Vote selected tokens
9: end for

10: Add last-query anchor: st ← vote(t) + λat(q
(ℓ,h)
last )

11: Always retain token T and select top-Cℓ,h − 1 tokens by
st

12: Restore temporal order and return C′(ℓ,h)

input length under long-context multimodal inputs.958

Figure 6 provides additional evidence of the959

prefill–decode representation scale mismatch ob-960

served in Section 2. Specifically, Figure 6a961

visualizes layer-wise representation statistics on962

DocVQA, showing that decoding-stage hidden963

states exhibit consistently larger variance than964

those observed during prefilling, despite sharing965

identical model parameters.966

Figure 6b shows that the same variance expan-967

sion effect persists on SynthDog, indicating that968

the prefill–decode scale mismatch is not specific969

to a single dataset but instead reflects a system-970

atic property of multimodal inference under long971

contexts. Together, these visualizations demon-972

strate that prefilling-stage statistics systematically973

underestimate the scale of decoding-time represen-974

tations across different document understanding975

benchmarks.976

D Sensitivity Study on Hyperparameters977

We conduct a sensitivity study to examine the978

robustness of MM-ShiftKV with respect to its979

key hyperparameters. Unless otherwise speci-980

fied, all experiments in this section are performed981

on Qwen2.5-VL-7B-Instruct under a fixed per-982

head KV cache budget of C=64. We report re-983

sults on three representative multimodal bench-984

marks: OCRBench and TextVQA (accuracy), and985

TextCaps (CIDEr). When analyzing one hyperpa-986

rameter, all others are held fixed at their default987

values (γ=10, N=512, G=32, τ=0.95, λ=1).988
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(a) Per-token decoding latency vs. input length.
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(b) Prompt KV cache size vs. input length.

Figure 5: Visualization of decoding latency and prompt
KV cache size under increasing input lengths.

D.1 Variance Expansion Factor γ 989

The variance expansion factor γ controls the scale 990

calibration between prefilling-stage query proxies 991

and decoding-time query distributions. As dis- 992

cussed in Section 2, decoding-time queries exhibit 993

substantially larger variance than those observed 994

during prefilling, motivating the use of γ > 1. 995

Table 6 shows that setting γ=1, corresponding 996

to no variance expansion, leads to consistently de- 997

graded performance across all benchmarks. In- 998

creasing γ significantly improves performance, in- 999

dicating that scale calibration is critical for effec- 1000

tive KV importance estimation. Performance peaks 1001

around γ=10, while further increasing γ yields di- 1002

minishing returns. Based on this observation, we 1003

fix γ=10 as the default value in all experiments. 1004

D.2 Attention Mass Threshold τ 1005

The attention mass threshold τ determines the min- 1006

imum cumulative attention mass preserved when 1007

selecting prompt KV tokens. A smaller thresh- 1008

old may discard occasionally important tokens, 1009

whereas an overly large threshold approaches Ful- 1010

lKV behavior and weakens compression. 1011

As shown in Table 7, τ=0.95 consistently 1012

achieves the best trade-off between performance 1013
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(b) SynthDog

Figure 6: Additional visualizations of the prefill–decode
scale mismatch in multimodal inference across different
datasets. (a) Layer-wise representation statistics on
DocVQA, showing that decoding-stage hidden states
exhibit substantially larger variance than those observed
during prefilling. (b) The same prefill–decode variance
mismatch observed on SynthDog, indicating that the
scale mismatch is consistent across datasets.

and compression across all evaluated benchmarks.1014

Lower thresholds result in noticeable performance1015

drops, while higher thresholds provide limited ad-1016

ditional benefit. We therefore adopt τ=0.95 as a1017

stable default setting.1018

D.3 Number of Query Proxies N1019

The number of query proxies N controls the quality1020

of the Monte Carlo approximation of expected at-1021

tention mass. Larger N reduces estimator variance1022

but increases prefilling-stage computation.1023

Results in Table 8 show that performance im-1024

proves as N increases from 128 to 512 and stabi-1025

lizes at N=512. Using fewer proxies leads to nois-1026

ier importance estimates, while larger values offer1027

limited additional gains relative to the increased1028

overhead. We therefore set N=512 as a balanced1029

choice between accuracy and efficiency.1030

D.4 Summary1031

Overall, these sensitivity studies demonstrate1032

that MM-ShiftKV is robust to moderate varia-1033

tions in its hyperparameters. The selected de-1034

γ OCRBench TextVQA TextCaps Avg

1 55.7 66.5 51.8 58.0
2 56.1 69.2 55.1 60.1
5 65.4 73.5 58.6 65.8
10 68.8 80.0 63.2 70.7
20 68.5 79.3 60.1 69.3

Table 6: Sensitivity study on the variance expansion
factor γ. OCRBench and TextVQA are evaluated with
accuracy, and TextCaps with CIDEr. Avg denotes the
macro-average over the three benchmarks. The per-head
KV cache budget is C=64. Higher is better.

τ OCRBench TextVQA TextCaps Avg

0.90 62.4 78.1 42.4 61.0
0.95 68.8 80.0 63.2 70.7
0.99 66.7 79.2 49.0 65.0

Table 7: Sensitivity study on the attention mass thresh-
old τ . Metrics and averaging follow Table 6. The per-
head KV cache budget is C=64.

fault values correspond to stable operating points 1035

that consistently balance accuracy, memory effi- 1036

ciency, and prefilling-stage overhead across OCR- 1037

centric, multimodal question answering, and image- 1038

conditioned generation tasks. 1039

E Details of Baselines and Dateset 1040

This appendix presents the implementation details 1041

and specific parameter configurations of the base- 1042

lines, along with the detailed content and tasks of 1043

the datasets. 1044

E.1 Details of Baselines 1045

For our experiments, we use four methods, namely 1046

StreamingLLM, SnapKV, KeyDiff, and Exceptat- 1047

tention, as our test baselines. We also compare the 1048

performance differences between all these methods 1049

and FullKV under budget-constrained conditions. 1050

StreamingLLM is a classic heuristic KV eviction 1051

method. It introduces the concept of attention sink, 1052

retains the initial KV pairs statically, and leverages 1053

a sliding window mechanism to continuously pre- 1054

serve the KV pairs within the most recent window 1055

during the decoding stage. This method discards a 1056

large number of redundant intermediate KV pairs. 1057

It achieves favorable performance in text reasoning 1058

due to its streaming inference paradigm. But in 1059

multimodal scenarios, it discards a large number 1060

of critical visual KV pairs, leading to performance 1061

collapse. In the experiments on StreamingLLM, 1062

we adopt the optimal parameters specified in its 1063
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N OCRBench TextVQA TextCaps Avg

128 63.1 78.6 49.8 63.8
256 63.5 78.9 47.0 63.1
512 68.8 80.0 63.2 70.7

Table 8: Sensitivity study on the number of query probes
N . Metrics and averaging follow Table 6. The per-head
KV cache budget is C=64.

original paper: to retain 4 attention sinks, set the1064

window size to budgets-4, and to ensure fairness of1065

comparative experiments, we do not perform KV1066

eviction during the decoding stage.1067

SnapKV is a strong baseline method for large1068

language models. It compares the similarity be-1069

tween the query attention scores of the final win-1070

dow in the prefilling stage and those in the decod-1071

ing stage. It uses the final window of the prefilling1072

stage to score the prefix KV pairs based on atten-1073

tion, selects the KV pairs with high attention scores,1074

and statically retains the final window to maintain1075

the characteristics of streaming inference. Follow-1076

ing the optimal parameters provided by SnapKV,1077

we set the window size to 32, the convolution size1078

to 5, and the inter-group pooling to average pool-1079

ing. SnapKV achieves outstanding performance on1080

large language models and also has certain general-1081

ity in multimodal scenarios, but it performs poorly1082

under ultra-low budget conditions. We conduct a1083

theoretical analysis of this issue: the statically re-1084

tained window in SnapKV involves some waste and1085

fails to truly evaluate the actually required queries,1086

while reducing the window size leads to instability1087

in KV selection.1088

KeyDiff achieves state-of-the-art metrics on1089

large language models. It evaluates the relation-1090

ship between the cosine similarity of Keys in large1091

language models and the magnitude of the attention1092

scores they receive. It proposes a query-agnostic1093

method that scores Keys based on the cosine sim-1094

ilarity between them, and the KV pairs with low1095

cosine similarity are retained. In this experiment,1096

since our dataset features streaming inference, we1097

statically retain the last 1 token in accordance with1098

KeyDiff’s handling of streaming inference and for1099

the fairness of the experiment. KeyDiff is also per-1100

turbed in multimodal scenarios. The relationship1101

between the cosine similarity of Keys for tokens1102

in multimodal scenarios and the attention scores is1103

inconsistent with that in text-only unimodal scenar-1104

ios, which is the main reason for the decrease in1105

KeyDiff’s accuracy in multimodal scenarios.1106

Exceptattention also leverages the regularity of 1107

numerical distributions, but it assumes the distri- 1108

bution homogeneity between the prefilling and de- 1109

coding stages. However, in multimodal scenarios, 1110

there is a certain deviation between the distribu- 1111

tions of these two stages, which results in relatively 1112

low performance. In this experiment, we set its 1113

sampling count to 512 to ensure fairness, and we 1114

also configure the static retention of 4 attention 1115

sinks, consistent with the setup in its original pa- 1116

per. 1117

E.2 Details of Dataset 1118

To comprehensively evaluate MM-ShiftKV , we 1119

utilize the lmms-eval (Zhang et al., 2024) evalu- 1120

ation framework. We employ OCRbench to as- 1121

sess OCR tasks and cross-modal text understand- 1122

ing tasks: this dataset covers multi-scenario images 1123

such as document scans and street view recogni- 1124

tion, and we adopt accuracy as the correspond- 1125

ing evaluation metric. TextVQA, which spans 1126

real-world scenarios including restaurant menus 1127

and street signs, is used to evaluate image-text in- 1128

formation question answering tasks, with perfor- 1129

mance measured by the Exact Match (El Maalouly, 1130

2022) metric. Each image in TextCaps is annotated 1131

with 3-5 reference descriptions that contain key 1132

text; we leverage this dataset to assess semanti- 1133

cally consistent text-image captioning tasks, with 1134

CIDEr (Vedantam et al., 2014) serving as the per- 1135

formance metric. ChartQA primarily composed 1136

of numerical charts is used to evaluate chart data 1137

understanding and reasoning-based question an- 1138

swering tasks, with performance assessed using rel- 1139

ative error and the Exact Match metric. DocVQA 1140

covers a large volume of document images, and 1141

we use the ANLS (Peer et al., 2024) to evaluate 1142

MM-ShiftKV’s performance on document image 1143

question answering tasks. MMMU is a dataset for 1144

calculation, geometric proof, and logical reasoning 1145

tasks. We use it to evaluate MM-ShiftKV’s impact 1146

on reasoning capabilities and whether it generates 1147

hallucinations, with accuracy as the evaluation met- 1148

ric. 1149

F Case Study 1150

We present a qualitative case study on the 1151

TextCaps dataset using LLaVA-v1.6-Vicuna-7B 1152

under an extreme KV-cache budget of 64 tokens 1153

per KV head, to illustrate the behavior of differ- 1154

ent prefill-only KV selection methods under severe 1155
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Figure 7: In the left example, the image contains two people wearing green shirts with the printed text “Bossa
Nova”. While the full KV model produces an accurate caption, several baselines degrade significantly after KV
compression. SnapKV and KeyDiff identify the two people but omit the color attribute, and StreamingLLM
further loses the shirt-related information. In contrast, MM-ShiftKV preserves both the color and the textual
content, yielding a caption consistent with the reference.In the right example, the image shows a Lone Star Beer
can with visible branding.Under the same tight per-head budget, SnapKV and KeyDiff misclassify the object as a
beer bottle or miss the embedded text, whereas MM-ShiftKV correctly captures both the object type and textual
content. These examples demonstrate that decode-aware KV selection enables MM-ShiftKV to remain robust even
under extreme KV-cache compression, consistent with its quantitative gains on TextCaps.

memory constraints. Figure 7 shows two represen-1156

tative examples requiring accurate recognition of1157

visual attributes and embedded text.Red denotes1158

missing information, green indicates that key infor-1159

mation is captured, and orange signifies that more1160

information is captured compared to FullKV.1161
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