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Abstract001

Key-Value (KV) caching enables efficient au-002
toregressive inference, but its memory cost003
grows linearly with context length. Most score-004
based KV compression methods retain tokens005
via greedy Top-K selection, implicitly treat-006
ing token utility as modular. We show that007
high-scoring tokens are often spatially clus-008
tered and that attention heads differ in their009
score selectivity, which can cause Top-K reten-010
tion to waste cache budget on locally redundant011
context. Motivated by this observation, we for-012
mulate an ideal score-weighted local coverage013
objective with monotone submodular structure014
to model diminishing returns in locally redun-015
dant cache entries. We then propose HubKV, a016
single-pass marginal-gain proxy that detects lo-017
cal score hubs, softly discounts neighboring018
tokens, and applies compression-ratio-gated019
head-wise calibration while preserving the par-020
allel Top-K pruning interface of existing KV021
compression systems. We validate HubKV on022
four backbones across 16 diverse tasks. On023
Qwen3-8B, HubKV improves FastKVZip and024
KVZip by 3.23 and 6.53 average score points025
at 95% prefill compression, and by +1.71/+1.87026
points on average across budgets. Decoding-027
stage experiments further show that the same028
score correction remains effective on reasoning029
datasets AIME25 and MATH.030

1 Introduction031

The transformative success of Transformer-based032

Large Language Models (LLMs) is fundamentally033

anchored in the self-attention mechanism, which034

enables the model to contextualize information035

across vast sequences (Vaswani et al., 2017). To036

maintain high throughput during autoregressive037

generation, modern inference systems rely on Key-038

Value (KV) caching to store historical context (Dai039

et al., 2019). However, the memory footprint of040

the KV cache scales with sequence length, becom-041

ing the primary bottleneck for deploying LLMs in042

long-context scenarios (Kwon et al., 2023).043

To mitigate this burden, KV cache compression 044

has emerged as a critical research direction. The 045

goal of KV cache compression is to find effective 046

ways to choose critical tokens to retain, from a mas- 047

sive sequence of past tokens, in order to maximize 048

long-context inference performance. Although pre- 049

dicting the exact future attention of LLMs is highly 050

complex, there exist many heuristics, such as at- 051

tention sparsity (Li et al., 2024), adaptive head 052

budgets (Feng et al., 2026), and query-agnostic re- 053

construction (Kim et al., 2026b), which have been 054

shown to be effective in practice. KV cache com- 055

pression is typically a ranking process in which 056

token importance scores are computed during the 057

prefill stage, and a subset of tokens is chosen to be 058

preserved using the aforementioned heuristics. 059

While these methods have demonstrated strong 060

performance in accelerating LLM inference, they 061

rely on a greedy Top-K selection strategy. In their 062

standard formulation, these algorithms implicitly 063

optimize a modular objective, where the utility 064

of each token is evaluated in complete isolation. 065

However, this independence assumption ignores 066

the semantic reality of language, as adjacent tokens 067

(e.g., subwords of a single term or entities within a 068

local phrase) often share highly overlapping infor- 069

mation. Consequently, retaining clustered tokens 070

provides diminishing marginal returns to the global 071

context. Because of this, a pure Top-K approach 072

tends to allocate the cache budget heavily on local 073

high-scoring clusters, resulting in locally redundant 074

samples that dilute the overall context coverage. 075

In order to tailor a compression method for 076

highly correlated text sequences, we first conduct 077

a systematic empirical study to characterize the 078

spatial distribution of token importance indicators. 079

Our analysis reveals two critical phenomena: (1) 080

a sharp decline in the efficiency of standard Top- 081

K selection in covering diverse context segments, 082

and (2) high spatial autocorrelation in importance 083

scores, suggesting that informational utility is sta- 084
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tistically localized.085

This naturally suggests viewing cache retention086

as a coverage problem: a selected token should087

be valuable by itself, but its value should decrease088

when nearby tokens have already been retained.089

Motivated by these findings, we re-examine KV090

cache eviction through the lens of Submodular091

Maximization. Specifically, we model the cache092

utility as a monotone submodular function to nat-093

urally incorporate the principle of diminishing re-094

turns: the marginal gain of a token decreases if095

its semantic neighbors are already present in the096

cache (Lin and Bilmes, 2011). While sequential097

greedy solvers provide theoretical guarantees for098

such objectives, they introduce unacceptable se-099

quential bottlenecks for real-time LLM inference.100

To bridge this gap, we propose HubKV, a101

hardware-parallel first-order ranking proxy based102

on Submodular Marginal Discounting (SMD). Op-103

erating directly on the temporal sequence, HubKV104

uses 1D max-pooling to identify local “hub to-105

kens” and induces a local repulsion field by ap-106

plying a soft penalty to their neighbors. Further-107

more, HubKV incorporates a compression-ratio-108

gated head-wise selectivity mechanism that cali-109

brates the strength of this redundancy correction110

according to both cache pressure and the discrim-111

inative power of individual attention heads. The112

resulting calibrated scores can be passed directly113

to existing Top-K-style pruning operators, making114

HubKV a plug-in score refinement layer rather than115

a replacement cache policy.116

Our main Qwen3-8B evaluation spans 16 long-117

context and reasoning tasks; appendix LongBench118

results cover three additional backbones. At 95%119

prefill compression, HubKV improves the cor-120

responding FastKVZip and KVZip baselines by121

3.23 and 6.53 average score points on Qwen3-122

8B, respectively. Averaged across evaluated prefill123

budgets, the paired gains are +1.71/+1.87 points.124

Decoding-stage experiments further show consis-125

tent improvements over FastKVZip on AIME25126

and MATH.127

Our contributions are summarized as follows:128

• We empirically expose the modularity flaw129

in current Top-K eviction strategies through130

spatial profiling and autocorrelation analysis,131

and reveal head-wise functional diversity via132

raw attention visualization.133

• We model KV cache compression as a score-134

weighted local coverage problem using a135

monotone submodular facility-location objec- 136

tive, and use sequential greedy selection as a 137

conceptual oracle rather than as the deployed 138

inference algorithm. 139

• We design HubKV, a hardware-parallel 140

marginal-gain proxy that combines local 141

hub detection, soft neighbor discounting, 142

compression-ratio gating, and bounded head- 143

wise selectivity calibration. 144

• We evaluate HubKV on four models across 145

16 tasks and decoding-stage reasoning bench- 146

marks. The results show the strongest gains in 147

the aggressive-compression regime while pre- 148

serving the same pruning interface as modular 149

baselines. 150

2 Preliminaries 151

2.1 Notation and Problem Formulation 152

An autoregressive Transformer LLM fLM caches 153

historical Key and Value states during inference. 154

For an input of N tokens, let V = {1, . . . , N} 155

denote the cached token positions. KV cache com- 156

pression selects a retained subset S ⊂ V under 157

budget |S| ≤ B, aiming to preserve the behavior 158

of the full cache: 159

fLM (· | S) ≈ fLM (· | V ) (1) 160

which we evaluate through downstream long- 161

context performance. 162

2.2 Submodular Set Functions 163

For a set utility F : 2V → R, submodularity for- 164

malizes diminishing returns (Krause and Golovin, 165

2014): for A ⊆ B ⊆ V and v ∈ V \B, 166

F (A∪{v})−F (A) ≥ F (B ∪{v})−F (B) (2) 167

Monotonicity means F (A) ≤ F (B) whenever 168

A ⊆ B. Cardinality-constrained monotone sub- 169

modular maximization is NP-hard, but sequential 170

greedy selection achieves a (1 − 1/e) approxi- 171

mation guarantee (Nemhauser et al., 1978). We 172

use this result only as theoretical motivation for 173

redundancy-aware cache selection. 174

2.3 Empirical Analysis and Observations 175

Current score-based KV cache eviction methods 176

predominantly rely on a Top-K selection strategy, 177

implicitly assuming that the marginal information 178

gain of each token is independent (Li et al., 2024; 179
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Figure 1: Empirical Motivation for Redundancy-Penalized Eviction. (a) The marginal spatial coverage of Top-K
declines due to score clustering. (b) Autocorrelation analysis indicates that proxy importance scores are statistically
localized. (c) By suppressing local score clusters, 1D-NMS improves global segment coverage.
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Figure 2: Visualization of Localized Attention mass.
Raw attention weights across heads reveal clustered
high-attention anchors (vertical stripes, highlighted by
red dashed boxes) versus diffuse background attention
(horizontal variance), motivating head-aware score cali-
bration.

Feng et al., 2026; Kim et al., 2026b,a). In this180

section, we reveal the breakdown of this modular181

assumption through a proxy-based spatial analysis.182

To isolate the structural properties of token im-183

portance from heuristic biases, we utilize context184

reconstruction (Kim et al., 2026b) as a proxy metric.185

We evaluate Qwen3-8B on the RULER benchmark,186

measuring each KV pair’s contribution to the re-187

construction of the original prompt. We extract188

importance scores across 500 samples to serve as a189

target profile for our spatial profiling. Appendix I190

provides the capture and analysis details for these191

observation experiments.192

Observation 1: Declining Marginal Spatial193

Coverage of Top-K. We first examine the effi-194

ciency of the standard Top-K strategy by measur-195

ing its marginal spatial gain—the number of new196

document segments (from a total of 64) covered197

per selected token. As illustrated in Figure 1(a),198

the marginal spatial gain of Top-K exhibits a rapid199

decline, dropping significantly after only a few to- 200

kens (K ≈ 4). This observation motivates query- 201

agnostic compression, where the specific infor- 202

mation requested by a future query is unknown. 203

Under such uncertainty, an ideal strategy should 204

act as a representative summary that preserves 205

diverse semantic information across the context 206

(Lin and Bilmes, 2011). While random selection 207

trivially achieves high spatial coverage, it often 208

lacks the necessary information density by allocat- 209

ing the strict cache budget to low-utility tokens. 210

Conversely, Top-K tends to allocate the budget 211

to isolated semantic clusters, potentially leaving 212

a large portion of the document segments under- 213

represented. 214

Observation 2: Statistical Locality and Func- 215

tional Diversity. To investigate the cause of this 216

clustering, we compute the normalized autocorre- 217

lation R(d) of the proxy importance scores. Fig- 218

ure 1(b) shows that token importance is highly cor- 219

related at short distances (R(1) ≈ 0.87), suggest- 220

ing that high-importance indicators are statistically 221

localized. Under the modeling assumption that 222

nearby tokens tend to share contextual informa- 223

tion, this locality motivates a local-overlap view 224

of cache utility. Furthermore, Figure 2 visualizes 225

raw attention weights, revealing: (1) shared high- 226

attention columns (indicating tokens attended by 227

many heads), and (2) head-specific concentration 228

patterns (indicating that some heads are more se- 229

lective than others). 230

Observation 3: Balancing Importance and 231

Coverage via Local Suppression. The identi- 232

fied locality suggests that we can improve global 233

coverage while maintaining information density 234

by penalizing local score clustering. We apply 235

a 1D Non-Maximum Suppression (1D-NMS) fil- 236
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ter to the proxy scores. This mechanism encour-237

ages the selection process to skip nearby neighbors238

of a selected “hub” and move to the next high-239

scoring region. As demonstrated in Figure 1(c),240

1D-NMS achieves a ∼ 2.6× higher cumulative241

segment coverage than Top-K. Unlike Random242

sampling, 1D-NMS retains local peaks (highest-243

importance tokens within their neighborhoods),244

thereby improving spatial diversity while still fa-245

voring high-scoring representatives. We use this246

hard-suppression experiment only as a diagnostic247

pilot; the final HubKV method softens the sup-248

pression through SMD and separately calibrates249

head-wise selectivity.250

3 Methodology251

In this section, we formalize KV cache compres-252

sion as a combinatorial optimization problem. We253

first demonstrate how existing heuristic strategies254

implicitly optimize a modular function, and then in-255

troduce a monotone submodular objective to model256

semantic redundancy. Finally, we present a GPU-257

parallel score correction that uses this objective as258

a theoretical guide while avoiding the sequential259

bottleneck of submodular optimization.260

3.1 KV Cache Eviction with Capacity261

Constraints262

Let the ground set V = {1, 2, . . . , N} represent263

all tokens in the historical context during LLM264

inference. The task of KV cache compression is to265

select a representative subset S ⊆ V to be retained266

in GPU memory. Given hardware constraints, we267

require |S| ≤ B, where B is the KV cache budget.268

If we define a set function F : 2V → R to measure269

the utility of the retained cache S, the eviction270

problem can be formalized as:271

S∗ = argmax
S⊆V

F (S) subject to: |S| ≤ B.

(3)272

In the general paradigm of score-based KV273

cache compression, an evaluation metric, such as274

accumulated attention weights (Li et al., 2024)275

or predictions from a lightweight neural module276

(Kim et al., 2026b), assigns an importance score277

si ∈ [0, 1] to each token. Standard Top-K eviction278

then selects tokens with the highest scores. Mathe-279

matically, this is equivalent to defining the utility280

function as Fmod(S) =
∑

i∈S si. This objective is281

modular, assuming that the marginal gain of adding282

a token k to the cache is strictly sk, independent of283

the existing elements in S.284

However, in natural language, semantic informa- 285

tion is intrinsically clustered. If a set S already 286

contains several tokens from a specific semantic 287

phrase, adding another adjacent token yields neg- 288

ligible new information. Consequently, a purely 289

modular Fmod(S) often leads to highly redundant 290

context summaries. To capture this semantic over- 291

lap, we argue that the ideal utility F (S) is better 292

formulated as a monotone submodular function, 293

which naturally incorporates the principle of dimin- 294

ishing returns. Although maximizing a submodular 295

function subject to a cardinality constraint is NP- 296

hard, sequential greedy selection provides a useful 297

theoretical oracle with a (1− 1/e) approximation 298

factor (Nemhauser et al., 1978). HubKV uses this 299

oracle to motivate the form of its score correction, 300

but does not claim to inherit this global guarantee. 301

3.2 Score-Weighted Local Coverage Objective 302

To properly evaluate the quality of a KV cache 303

subset, the objective function should encourage 304

preserving critical tokens while simultaneously pe- 305

nalizing local semantic redundancy. Drawing inspi- 306

ration from facility location problems in operations 307

research (Lin and Bilmes, 2011), we model the total 308

utility of the retained KV set S as a score-weighted 309

local coverage function: 310

Fsub(S) =
∑
i∈V

max
j∈S

wi,j (4) 311

where wi,j represents the semantic coverage pro- 312

vided by token j to token i. To bridge the gap 313

between abstract optimization and our empirical 314

importance scores, we define wi,j using a normal- 315

ized importance-weighted kernel: 316

wi,j = sj ·
K(|i− j|)

Zj
, Zj =

∑
k∈V

K(|j − k|)

(5) 317

where sj is the importance score of token j, and 318

K is a non-negative distance-based kernel (e.g., a 319

window or Gaussian kernel). In the absence of an 320

explicit semantic distance metric, we utilize spatial 321

proximity within the sequence as a robust proxy 322

for semantic overlap. The normalization factor Zj 323

ensures that the singleton utility of a token remains 324

stable, satisfying Fsub({j}) = sj . 325

Crucially, as a facility location function, Fsub(S) 326

is inherently monotone submodular (Cornuéjols 327

et al., 1983), satisfying the property of diminishing 328

returns. The marginal gain of adding a token k to a 329

set S, defined as ∆(k | S) =
∑

i∈V max(0, wi,k− 330
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maxj∈S wi,j), decreases as S grows, particularly331

when S already contains tokens that are spatially332

close to k.333

3.3 One-Pass Marginal-Gain Proxy via334

HubKV335

The objective in Eq. 4 defines an ideal redundancy-336

aware utility, but optimizing it directly requires337

repeatedly evaluating marginal gains against the338

current selected set. This sequential dependency is339

undesirable for KV-cache inference, where practi-340

cal methods must preserve a simple parallel scoring341

and Top-K-style pruning path. We therefore pro-342

pose HubKV as a one-pass marginal-gain proxy343

rather than a global submodular optimizer. HubKV344

keeps the original importance scorer unchanged, ap-345

plies a bounded redundancy-aware correction to its346

scores, and then uses the same compression-ratio-347

based pruning interface as the underlying score-348

based method.349

For clarity, the submodular objective above is350

written at the token level. In implementation, im-351

portance scores are maintained for every layer and352

attention head. Let s ∈ [0, 1]L×H×N denote the353

raw score tensor produced by a base scorer such as354

FastKVZip, and let Pℓ,h,i indicate protected tokens,355

including attention sinks and the recent local win-356

dow. HubKV transforms only the non-protected357

content scores and assigns protected tokens the358

maximum retention score; Appendix A.1 details359

the protected-token mask, its interaction with hub360

detection and head calibration, and the associated361

budget accounting.362

1. Local Hub Detection: For each layer ℓ and363

head h, we define a local window Wi = [i−364

k, i+k] and identify whether token i is a local365

hub:366

Mℓ,h,i = I
(
i = arg max

j∈Wi

sℓ,h,j

)
, (6)367

where deterministic index-based tie-breaking368

is used for score plateaus. This operation is369

implemented with a 1D max-pooling primitive370

over the sequence dimension.371

2. Submodular Marginal Discounting: For372

non-hub tokens, we apply a discount fac-373

tor γ ∈ (0, 1) to approximate the residual374

marginal utility after a nearby hub has already375

covered the local region:376

s̃ℓ,h,i = Mℓ,h,isℓ,h,i+(1−Mℓ,h,i)γsℓ,h,i. (7)377

This step is the local analogue of submodular 378

diminishing returns: tokens near a stronger 379

local representative are not discarded outright, 380

but their scores are pushed downward before 381

global pruning. 382

3. Bounded Head-Wise Selectivity Calibra- 383

tion: Some attention heads exhibit sharp, 384

spiky score distributions, while others remain 385

flatter and less discriminative. We measure 386

head selectivity on the non-protected content 387

region using the coefficient of variation 388

cℓ,h =
σℓ,h

µℓ,h + ϵ
, (8) 389

where µℓ,h and σℓ,h are computed over unpro- 390

tected tokens. The relative head weight is then 391

clipped to a bounded interval: 392

βℓ,h = clip

((
cℓ,h
c̄ℓ

)τ

, βmin, βmax

)
,

uℓ,h,i = βℓ,hs̃ℓ,h,i,

(9) 393

where c̄ℓ is the mean selectivity across heads 394

at layer ℓ, τ controls calibration strength, and 395

clipping prevents head calibration from over- 396

whelming the base scorer. 397

4. Compression-Ratio Gating: The redun- 398

dancy correction should be weak when the 399

cache is only lightly compressed and stronger 400

when cache pressure is high. Given com- 401

pression ratio r and gate exponent p, HubKV 402

mixes the raw and corrected scores as 403

λ = rp, zℓ,h,i = (1− λ)sℓ,h,i + λuℓ,h,i.
(10) 404

For protected tokens, we set zℓ,h,i = 1 so 405

that sink and recent-window tokens remain 406

available to the underlying pruning rule. 407

Finally, HubKV passes the calibrated scores 408

z to the same compression operator used by the 409

base scorer: KV pairs with the lowest calibrated 410

scores are evicted until the target compression ra- 411

tio is reached, either globally or layer-wise de- 412

pending on the base configuration. Equivalently, 413

if B KV entries are retained under a given bud- 414

get, HubKV keeps the B highest entries under 415

z. This keeps HubKV compatible with existing 416

Top-K-style pruning implementations while chang- 417

ing the ranking criterion from purely modular 418

scores to a redundancy-aware, ratio-gated correc- 419

tion. The additional score-refinement computation 420
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Figure 3: Main prefill results on Qwen3-8B. We compare HubKV-refined KVZip/FastKVZip scores against the
corresponding base scorers, SnapKV, Expected Attention, and the full-cache reference across 16 tasks. The x-axis
reports the true KV compression ratio, ordered from aggressive compression on the left to full cache on the right.

consists of local max-pooling, content-region head421

statistics, and element-wise score mixing, yield-422

ing O(LHNk) work with a small kernel size k423

and no sequential marginal-gain loop. Because the424

cache interface and retained budget are unchanged,425

Section 4 reports downstream evaluations under426

matched cache budgets.427

We formally analyze the SMD core of HubKV428

in Appendix J. Specifically, we establish the Lo-429

cal Hub Dominance of the SMD-induced ranking430

and prove a Local Marginal Sandwich (Prop. 2),431

showing that the refined score s̃ℓ,h,i serves as a lo-432

cal proxy for true marginal gains under localized433

overlap. We then characterize the ratio-gated head-434

wise calibration as a bounded perturbation of the435

base scores. This analysis intentionally separates436

three claims: the ideal coverage objective is sub-437

modular, sequential greedy is the theoretical oracle438

for that objective, and HubKV is a parallel local439

proxy designed for efficient inference rather than a440

sequential submodular optimizer.441

4 Experiments 442

In this section, we evaluate whether the 443

redundancy-aware score correction introduced by 444

HubKV improves practical KV cache compression. 445

Since HubKV is designed as a plug-in refinement 446

rather than a standalone scorer, the central compari- 447

son is paired: we apply the same HubKV correction 448

on top of KVZip and FastKVZip scores, and com- 449

pare each refined variant against its own base scorer 450

under the same compression budget. We first re- 451

port the main prefill results on Qwen3-8B across a 452

diverse suite of long-context and reasoning tasks, 453

and then evaluate whether the same score correc- 454

tion remains useful in a decoding-stage setting. 455

4.1 Experimental Setup 456

Models, tasks, and baselines. The main evalu- 457

ation uses Qwen3-8B (Yang et al., 2025) and a 458

16-task suite spanning contextual QA, retrieval 459

and code use, reasoning, summarization, and in- 460

context learning. We evaluate HubKV as a score- 461
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Figure 5: Decoding-stage results on Qwen3-8B. We
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terval of 128 decoding steps and target KV lengths
of 1024, 2048, 4096, and 6144. HubKV denotes
HubKV(+FastKVZip), which refines FastKVZip scores
before the same target-length pruning step is applied.

refinement layer on top of KVZip and FastKVZip,462

and compare each refined variant with its own base463

scorer under the same cache budget. We also in-464

clude SnapKV and Expected Attention (Devoto465

et al., 2025) as attention-based baselines. Addi-466

tional cross-backbone LongBench evaluations on467

Qwen2.5-7B-Instruct-1M, Llama-3.1-8B-Instruct,468

and Qwen3-14B are reported in Appendices F, G,469

and H. Detailed task groupings, metrics, and base-470

line descriptions are provided in Appendix A.471

Compression and implementation. For prefill472

compression, the ratio r denotes the fraction of KV473

entries removed; we evaluate seven ratios between474

0.50 and 0.95 and focus on paired differences at the475

same budget. Unless otherwise stated, HubKV uses476

a local kernel of size 5, discount factor γ = 0.5,477

head-selectivity exponent τ = 0.5, clipping range478

[0.8, 1.2], and gate exponent p = 2. HubKV only479

refines scores before the same Top-K-style pruning480

Family 0.95 0.90 0.88 0.85 0.80 0.75 0.50 Avg.
HubKV(+FastKVZip) − FastKVZip

Contextual QA +3.91 +4.56 +4.00 +2.65 +1.14 +0.90 +0.06 +2.46
Long-Context Use +1.32 +1.60 +1.08 -1.09 +1.22 +2.39 +0.33 +0.98
Reasoning QA +4.60 +3.80 +3.71 +4.22 +1.32 +0.35 -0.24 +2.54
Generation / ICL +3.10 +1.66 +0.91 +0.85 -0.05 -0.06 -0.24 +0.88
Overall +3.23 +2.90 +2.42 +1.66 +0.91 +0.89 -0.02 +1.71

HubKV(+KVZip) − KVZip
Contextual QA +7.29 +3.47 +1.81 +0.70 +0.21 +0.06 +0.48 +2.00
Long-Context Use +6.02 +2.12 +3.59 +2.17 +1.70 +0.75 -0.23 +2.30
Reasoning QA +8.48 +2.46 +1.45 +2.54 +1.78 -0.43 -0.06 +2.32
Generation / ICL +4.32 +1.24 +0.19 -0.02 +0.21 +0.15 -0.06 +0.86
Overall +6.53 +2.32 +1.76 +1.35 +0.98 +0.13 +0.03 +1.87

Table 1: Paired average gain by task family and com-
pression ratio. Each value is the mean score-point
difference between HubKV-refined scores and the cor-
responding base scorer, averaged over all tasks in the
family at the specified compression ratio in Figure 3.

step used by the base method; full implementa- 481

tion and decoding-stage settings are deferred to 482

Appendix A. 483

4.2 Main Results 484

Figure 3 shows that HubKV most consistently 485

helps under aggressive compression, where the re- 486

tained budget is small and redundant local clusters 487

are most damaging. This trend matches the de- 488

sign of the compression-ratio gate: when cache 489

pressure is high, HubKV applies a stronger local 490

marginal-gain correction; when the budget is looser, 491

the refined score stays closer to the original base 492

scorer. 493

Figure 4 isolates LongBench performance across 494

model backbones. The averaged curves show the 495

same pattern as the full Qwen3-8B suite: HubKV 496

tends to track or improve the corresponding base 497

scorer at moderate compression and separates more 498

clearly under stronger compression. The paired 499

summary in Table 1 quantifies the task-family 500

gains, with additional interpretation provided in 501

Appendix C. 502
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4.3 Decoding-Stage Results503

We further evaluate HubKV in a decoding-504

stage setting, where the cache is compressed505

repeatedly during generation. Figure 5 com-506

pares HubKV(+FastKVZip) with FastKVZip and507

SnapKV on AIME25 and MATH (Hendrycks et al.,508

2021) using target KV lengths of 1024, 2048, 4096,509

and 6144. HubKV improves over FastKVZip at ev-510

ery target length: on AIME25, accuracy rises from511

6.67% to 13.33% at length 1024 and from 16.67%512

to 20.00% at larger lengths; on MATH, HubKV513

gains 4.0 points at length 1024 and 1.1–1.4 points514

elsewhere. These results suggest that the same lo-515

cal redundancy correction remains useful beyond516

one-shot prefill pruning.517

5 Related Work518

KV Cache Eviction and Sparsification. Effi-519

cient LLM inference is increasingly bottlenecked520

by the memory footprint of the Key-Value (KV)521

cache (Kwon et al., 2023). StreamingLLM (Xiao522

et al., 2024) and LM-Infinite (Han et al., 2024) pre-523

serve attention sinks and local context for stable524

long generation, while H2O (Zhang et al., 2023),525

Scissorhands (Liu et al., 2023), and FastGen (Ge526

et al., 2024) evict tokens using accumulated atten-527

tion or observed attention patterns. These methods528

are effective, but they primarily operate during de-529

coding and rely on past attention as a proxy for530

future utility.531

Prefill-based and Query-Agnostic Compression.532

Prefill-time methods move compression earlier.533

SnapKV (Li et al., 2024) and PyramidKV (Cai534

et al., 2024) profile prefill attention to choose per-535

sistent KV pairs, and DuoAttention (Xiao et al.,536

2025) applies sliding-window attention selectively537

across heads. Expected Attention (Devoto et al.,538

2025) estimates token utility by approximating how539

a distribution of future queries will attend to cached540

keys, while KVZip (Kim et al., 2026b) estimates541

query-agnostic importance through context recon-542

struction. HubKV follows this score-based prefill543

interface, but changes the ranking criterion by dis-544

counting locally redundant high-score neighbors545

before pruning.546

Recent work also studies structure inside the547

KV cache. ChunkKV (Liu et al., 2026) retains se-548

mantic chunks rather than isolated tokens, while549

FastKVZip (Kim et al., 2026a) predicts KV util-550

ity with a hardware-friendly gating unit. HubKV551

is complementary to such scorers: it does not re- 552

place their importance estimates, but refines them 553

with a submodularly motivated local redundancy 554

penalty before the same Top-K-style eviction step. 555

Across these methods, token utility may be de- 556

rived from past attention, future-query estimation, 557

reconstruction, or learned prediction, yet the fi- 558

nal retention rule is usually still an independent 559

Top-K-style ranking. HubKV targets this shared 560

final step, keeping the score source and cache lay- 561

out unchanged while making the ranking locally 562

redundancy-aware. 563

This distinction also separates HubKV from 564

methods that change the unit of allocation or the 565

attention pattern itself. Rather than assigning 566

a new budget to each layer, head, or semantic 567

chunk, HubKV operates after the base utility scores 568

have already been computed and before the stan- 569

dard pruning operator is invoked. This makes the 570

method easy to compose with query-agnostic scor- 571

ers. 572

6 Conclusion 573

We presented HubKV, a redundancy-aware score re- 574

finement layer for KV cache compression. HubKV 575

uses an ideal submodular local coverage objective 576

as a theoretical guide, but deploys only a hardware- 577

parallel proxy: it detects local score hubs, softly 578

discounts neighboring non-hubs, calibrates scores 579

by bounded head selectivity, and gates the correc- 580

tion by compression ratio. On Qwen3-8B, HubKV 581

improves FastKVZip by 3.23 points and KVZip by 582

6.53 points on average at 95% prefill compression, 583

and by +1.71/+1.87 points on average across bud- 584

gets. Decoding-stage experiments show consistent 585

improvements on AIME25 and MATH. 586

7 Limitations 587

HubKV is most useful under aggressive KV com- 588

pression, where retaining locally redundant tokens 589

is particularly costly. Its benefit depends on the 590

quality of the base importance scorer and on the 591

assumption that nearby high-scoring tokens often 592

carry overlapping information. When adjacent to- 593

kens encode complementary evidence, such as for- 594

mulas, code fragments, or tightly coupled reason- 595

ing chains, local discounting may occasionally per- 596

turb useful evidence. HubKV should therefore be 597

viewed as a bounded parallel ranking proxy rather 598

than a globally guaranteed submodular optimizer. 599
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A Experimental Details759

The reported main prefill evaluation uses Qwen3-760

8B as the backbone model. The bench-761

mark suite contains 16 tasks drawn from Long-762

Bench (Bai et al., 2024), SCBench (Li et al., 2025),763

RULER (Hsieh et al., 2024), SQuAD (Rajpurkar764

et al., 2016), and GSM8K (Cobbe et al., 2021).765

The selected tasks cover contextual question an-766

swering (En.QA, MultiFieldQA, Qasper, SQuAD),767

long-context retrieval and code use (Retr.KV,768

RULER-4K, Code.RepoQA, Code.LCC), multi-769

hop and mathematical reasoning (2WikiMQA, Hot-770

potQA, MuSiQue, GSM8K), and generation or in-771

context learning (GovReport, MultiNews, SAM-772

Sum, ICL.ManyShot). We report the standard task773

metric used by each benchmark, including accu-774

racy, F1, ROUGE-L, Pass@1, and code similarity.775

Because these metrics have different natural scales,776

we primarily interpret paired differences between a777

base scorer and its HubKV-refined counterpart on778

the same task and compression ratio.779

Following KVZip and FastKVZip, the main ex-780

periment uses the prefill-stage compression set-781

ting, where a score is assigned to historical KV782

entries before downstream generation. The com-783

pression ratio r denotes the fraction of KV en-784

tries removed, so r = 0 corresponds to the785

full-cache reference and larger values correspond786

to more aggressive eviction. We evaluate r ∈787

{0.50, 0.75, 0.80, 0.85, 0.88, 0.90, 0.95}, with par-788

ticular attention to the high-compression regime789

where local redundancy is most likely to waste790

the remaining cache budget. The full-cache score791

is included as an uncompressed reference, but it792

should not be interpreted as an oracle upper bound:793

on some tasks, removing distracting context can794

improve the final task score.795

We compare two deployed HubKV variants,796

HubKV(+FastKVZip) and HubKV(+KVZip),797

against their corresponding base scorers798

FastKVZip (Kim et al., 2026a) and KVZip (Kim799

et al., 2026b). We additionally include SnapKV (Li800

et al., 2024) and Expected Attention as representa-801

tive attention-based baselines. This evaluation is802

query-agnostic for KVZip, FastKVZip, and their803

HubKV-refined variants, matching the intended804

use case where a compressed shared cache may be805

reused across downstream queries.806

Unless otherwise stated, HubKV uses a 1D local807

max-pooling kernel of size 5, a non-hub discount808

factor γ = 0.5, a bounded head-wise selectivity809

exponent τ = 0.5, clipping range [0.8, 1.2], and 810

compression-ratio gate exponent p = 2. Protected 811

sink tokens and the recent local window follow 812

the underlying base scorer and bypass the HubKV 813

correction. HubKV does not alter the cache data 814

structure or the final Top-K-style pruning interface; 815

it only refines the layer-head token scores before 816

the same budgeted eviction step is applied. 817

A.1 Protected-Token Handling 818

HubKV follows the protected-token convention of 819

the underlying KV compression method. The pro- 820

tected set contains attention sink tokens and the 821

recent local window, which are retained to preserve 822

stable long-context generation and short-range con- 823

tinuity. Let T denote the current sequence length. 824

We define the protected mask for each layer ℓ, head 825

h, and token position i as 826

Pℓ,h,i = I[i ∈ Psink ∪ Precent] , (11) 827

where Psink denotes the prefix attention-sink posi- 828

tions and Precent denotes the trailing recency win- 829

dow. In our default FastKVZip/KVZip-based con- 830

figuration, we inherit the base scorer’s protection 831

rule; for the score-trace analysis in Appendix I, 832

this corresponds to four sink tokens and a recent 833

window of ⌊0.02T ⌋ tokens. 834

HubKV applies its redundancy-aware correction 835

only to the unprotected content region 836

Cℓ,h = {i : Pℓ,h,i = 0}. (12) 837

Protected tokens are excluded from the content- 838

region head statistics used for head-wise calibra- 839

tion, including the mean, standard deviation, and 840

coefficient of variation. They are also masked out 841

of local hub competition: for a content token i, 842

local max-pooling is evaluated over unprotected 843

positions in the local window, so protected sink 844

or recency tokens do not suppress nearby content 845

tokens. 846

For i ∈ Cℓ,h, HubKV computes the local- 847

hub mask, SMD-discounted score, head-calibrated 848

score, and ratio-gated score as described in Sec- 849

tion 3.3. For protected positions, the final score is 850

overwritten after score refinement: 851

zℓ,h,i =

{
1, Pℓ,h,i = 1,

(1− λ)sℓ,h,i + λuℓ,h,i, Pℓ,h,i = 0.
(13) 852

This overwrite ensures that protected tokens by- 853

pass local discounting, head-wise calibration, and 854

compression-ratio gating. 855
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Protected tokens are not an additional cache al-856

location introduced by HubKV. They are retained857

under the same budget accounting as the underly-858

ing compression method. Equivalently, if the base859

method retains Bℓ,h KV entries for a given layer860

and head, protected tokens occupy part of this re-861

tained budget, and the remaining budget is assigned862

to the highest-scoring unprotected content tokens863

under zℓ,h,i. When the base method uses a global864

or layer-wise pruning rule rather than a per-head865

rule, HubKV follows the same pruning granularity866

and only changes the scores passed to that pruning867

operator. The reported compression ratio is com-868

puted after final retention: the final retained cache869

includes both protected positions and selected con-870

tent positions and is matched to the target budget871

whenever the target budget exceeds the number of872

protected positions, which holds for our evaluated873

settings.874

This design preserves the stability safeguards875

already used by the base compressor while pre-876

venting the local redundancy correction from be-877

ing driven by tokens retained for architectural878

or generation-stability reasons. As a result, the879

paired comparisons in the main experiments iso-880

late the effect of HubKV on the rank ordering of881

non-protected content tokens while keeping the882

protected-token policy fixed.883

For the decoding-stage experiment, the cache884

is repeatedly compressed during generation rather885

than compressed only once after prefill. We use886

Qwen3-8B, set the cache update interval to 128 de-887

coding steps, and evaluate fixed target KV lengths888

of 1024, 2048, 4096, and 6144. HubKV refines889

FastKVZip scores before applying the same target-890

length pruning operation, allowing the decoding-891

stage comparison to isolate the effect of the score892

correction under an identical cache budget.893

The current evaluation isolates HubKV through894

paired comparisons against the same base scorer895

under the same cache budget. Table 2 comple-896

ments the main evaluation with Qwen3-8B A100897

ablations that contrast the final ratio-gated correc-898

tion with an ungated variant and with several head-899

budget allocation alternatives.900

B Ablation Results901

Table 2 summarizes Qwen3-8B A100 ablation re-902

sults. The component block shows that the final903

ratio-gated HubKV variant performs best for both904

base scorers in this setting. The head-budget block905

tests a different design choice: reallocating per- 906

head budgets by waterfilling, entropy, selectivity, 907

or a hybrid score is not a reliable substitute for 908

bounded score correction, whereas HubKV is the 909

only alternative with clear positive gains for both 910

FastKVZip and KVZip under the same task subset. 911

Branch Base Ungated HubKV ∆ Ungated ∆ HubKV n
Component ablation at r = 0.75

FastKVZip 58.62 59.99 60.50 +1.37 +1.88 6
KVZip 56.28 56.07 56.41 -0.21 +0.13 6
Branch Base HubKV Waterfill Entropy Select. Hybrid

Head-budget alternatives at r = 0.88
FastKVZip 34.99 +5.51 -3.50 -7.57 -16.77 -7.46
KVZip 35.82 +2.11 +0.18 -7.33 -19.32 -9.07

Table 2: Ablation of HubKV design choices on
Qwen3-8B. The component block reports average
scores and gains over the paired base scorer on six
shared ablation tasks; “Ungated” applies the local
hub discounting and head-wise calibration without the
compression-ratio gate. The head-budget block reports
gains over the paired base scorer on six shared ablation
tasks.

C Detailed Results Analysis 912

The paired summary in Table 1 confirms that the 913

improvement in Figure 3 is not merely a visual 914

artifact of overlapping curves. Across all 112 task- 915

ratio pairs, HubKV(+FastKVZip) improves over 916

FastKVZip by an average of 1.71 points, while 917

HubKV(+KVZip) improves over KVZip by an av- 918

erage of 1.87 points. The gains are strongest under 919

aggressive compression: at r = 0.95, the aver- 920

age improvements are +3.23 and +6.53 points, re- 921

spectively. In absolute terms, the average score 922

at r = 0.95 rises from 21.42 to 24.65 for the 923

FastKVZip branch, and from 17.69 to 24.22 for 924

the KVZip branch. 925

The task-family breakdown shows that the im- 926

provement is broadly distributed rather than con- 927

centrated in a single benchmark group. For the 928

FastKVZip branch, contextual QA and reason- 929

ing QA show the largest average gains, while the 930

KVZip branch benefits most on long-context use 931

and reasoning QA. This pattern is consistent with 932

the motivation of HubKV: tasks that require retain- 933

ing evidence from several separated parts of the 934

context are more likely to benefit when the cache 935

budget is not spent on locally redundant high-score 936

neighbors. 937

The averaged LongBench comparison in Fig- 938

ure 4 provides an additional model-level view. 939

The Qwen backbones retain both FastKVZip and 940

KVZip branches, and HubKV generally improves 941
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or closely tracks the paired base scorer. On Llama-942

3.1-8B-Instruct, the available data contain the943

KVZip branch, where the HubKV-refined curve944

separates most clearly at high compression. The945

exact set of compression ratios differs across the946

exported runs, so the figure should be read as a947

backbone-level robustness check rather than as a948

strict model ranking.949

The results also expose the intended limitation of950

the method. At moderate compression, especially951

r = 0.50, the paired gains largely vanish and can952

become slightly negative. This is consistent with953

HubKV’s role as a bounded correction rather than954

a replacement scorer: when the cache budget is955

already sufficient, suppressing neighboring high-956

score tokens is less necessary and may occasionally957

perturb a useful local evidence chain. The main958

benefit therefore lies in the aggressive compression959

regime, where retaining multiple near-duplicate to-960

kens is most expensive and a local marginal-gain961

proxy can redirect the budget toward broader con-962

text coverage.963

D Code and Math Locality Stress Test964

HubKV uses positional locality as a redundancy965

prior: nearby high-scoring tokens are often over-966

lapping representatives of the same local evidence.967

This prior is useful on average, but it is not a968

semantic-equivalence oracle. Code and mathemati-969

cal expressions provide a natural stress test because970

adjacent symbols can be complementary rather971

than redundant, and useful dependencies may also972

be non-contiguous.973

We therefore isolate code and math tasks from974

the Qwen3-8B A100 snapshot and report paired975

gains against the corresponding base scorer un-976

der the same cache budget. The prefill tasks are977

Code.RepoQA, Code.LCC, and GSM8K. We also978

include the decoding-stage MATH result from the979

fixed-target-KV experiment in Section 4.3. Table 3980

reports both positive and negative entries instead981

of only aggregate averages.982

The aggregate results remain positive on av-983

erage for all six prefill branches, especially on984

Code.LCC and GSM8K. At the same time, the985

negative entries are informative. For exam-986

ple, HubKV(+FastKVZip) loses 0.68 points on987

Code.RepoQA at r = 0.88 and r = 0.85, and988

loses 2.00 points on GSM8K at r = 0.50. These989

pockets support the limitation that local discount-990

ing can occasionally demote adjacent tokens that991

jointly encode a code fragment, formula, or reason- 992

ing chain. 993

The decoding-stage MATH result is positive at 994

all tested target KV lengths. Relative to FastKVZip, 995

HubKV(+FastKVZip) improves MATH accuracy 996

by +4.00, +1.40, +1.10, and +1.10 points at target 997

KV lengths 1024, 2048, 4096, and 6144, respec- 998

tively, for an average gain of +1.90 points. This 999

suggests that the locality correction remains useful 1000

in math reasoning overall, despite the failure modes 1001

exposed by individual prefill budgets. 1002

We also ran a retained-token chain diagnostic 1003

on 32 short examples, split evenly between code 1004

snippets and math snippets. For each token inside 1005

the code or formula span, we measured the frac- 1006

tion of layer/head positions in which that token 1007

was retained by the base FastKVZip scorer and 1008

by HubKV(+FastKVZip). Table 4 summarizes the 1009

mean retention fraction over the annotated spans. 1010

Taken together, these results support a conserva- 1011

tive interpretation. HubKV is generally beneficial 1012

on code and math groups in the tested setting, but 1013

the locality prior should be described as a redun- 1014

dancy heuristic rather than a guarantee that adja- 1015

cent tokens are interchangeable. This is why the 1016

deployed method uses soft discounting, bounded 1017

head-wise calibration, and compression-ratio gat- 1018

ing instead of hard non-maximum suppression. 1019

E Efficiency Analysis 1020

We evaluate the computational cost of HubKV in 1021

two ways. First, a microbenchmark isolates the 1022

score-refinement path using synthetic score tensors 1023

with the Qwen3-8B score shape [L,B,HKV , N ], 1024

where L = 36 and HKV = 8. Second, an end-to- 1025

end benchmark loads Qwen3-8B in bfloat16 and 1026

compares FastKVZip with HubKV(+FastKVZip) 1027

at compression ratio r = 0.95. The HubKV con- 1028

figuration is the same mild ratio-gated local-hub 1029

variant used in the main experiments. 1030

Table 5 reports the score-stage microbenchmark. 1031

The measured operation “HubKV refine+select” 1032

applies local hub detection, bounded head-wise 1033

calibration, ratio-gated score mixing, and then 1034

the same bottom-score selection plan as the base 1035

method. The relative overhead is visible because 1036

the base selection stage is already small; however, 1037

the absolute latency remains in the millisecond 1038

range. 1039

Table 6 reports the end-to-end timing result for 1040

Qwen3-8B with batch size 1 and 32 decoded tokens. 1041
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Task Branch 0.95 0.90 0.88 0.85 0.80 0.75 0.50 Avg. Worst
Code.RepoQA H(+FastKVZip) +0.00 +0.23 -0.68 -0.68 +2.05 +1.82 -0.46 +0.33 -0.68 @ 0.88
Code.RepoQA H(+KVZip) +0.69 +0.00 +1.14 +0.68 +0.23 +1.14 -0.46 +0.49 -0.46 @ 0.50
Code.LCC H(+FastKVZip) +2.86 +0.99 +0.81 +0.66 +0.02 +1.10 -0.07 +0.91 -0.07 @ 0.50
Code.LCC H(+KVZip) +10.10 +3.43 +2.55 +2.73 +1.69 +0.76 +0.23 +3.07 +0.23 @ 0.50
GSM8K H(+FastKVZip) +1.00 +5.00 +17.00 +10.00 +4.00 +1.00 -2.00 +5.14 -2.00 @ 0.50
GSM8K H(+KVZip) +1.00 +1.00 +1.00 +5.00 +3.00 -1.00 -1.00 +1.29 -1.00 @ 0.75

Table 3: Code and math gain-loss analysis on Qwen3-8B. Each value is the paired score difference between
HubKV-refined scores and the corresponding base scorer under the same prefill compression ratio. “H” denotes
HubKV. Positive values indicate improvements; negative values identify cases where the locality prior can perturb
useful local evidence chains.

r Ex. Tok. Base HubKV ∆ Changed
0.50 32 415 .4298 .4184 -.0114 82.2%
0.75 32 415 .1870 .1677 -.0193 90.4%
0.80 32 415 .1353 .1155 -.0197 91.8%
0.85 32 415 .0849 .0641 -.0207 89.6%
0.88 32 415 .0532 .0303 -.0228 91.8%
0.90 32 415 .0307 .0100 -.0207 60.7%
0.95 32 415 .0131 .0000 -.0131 26.3%

Table 4: Retained-token chain diagnostic for code
and math spans. Values are mean per-token retention
fractions over annotated code/formula spans, averaged
across examples and positions. The diagnostic is quali-
tative: lower span retention under HubKV is consistent
with the small negative pockets in Table 3, but down-
stream benchmark deltas remain the primary evidence.

In this full inference path, the score-refinement1042

overhead is largely hidden by the model prefill1043

and decode computation. The maximum measured1044

TTFT overhead is +1.26%, and the median TTFT1045

overhead is -0.12%. Prefill throughput stays be-1046

tween 0.984× and 1.012× of FastKVZip, and de-1047

code throughput is effectively unchanged.1048

The efficiency results qualify the lightweight1049

claim. HubKV adds measurable work to the score-1050

selection stage, but this work is small in abso-1051

lute terms and does not produce a meaningful1052

end-to-end TTFT regression in the tested Qwen3-1053

8B setup. Peak memory increases with sequence1054

length because HubKV materializes temporary1055

score-refinement tensors, from +9.0 MB at 4k to1056

+72.0 MB at 32k relative to FastKVZip, which is1057

modest compared with the full model inference1058

footprint.1059

F Additional LongBench Results on1060

Qwen2.5-7B-Instruct-1M1061

We further evaluate the same prefill-compression1062

setting on Qwen/Qwen2.5-7B-Instruct-1M and re-1063

port LongBench average results. The full-cache1064

reference is taken from FastKVZip at compression1065

ratio r = 0.00. Averaged over LongBench and five1066

compressed ratios, HubKV improves FastKVZip1067

by +1.14 average points and KVZip by +1.16 av-1068

erage points. The gains grow with compression 1069

pressure, reaching +1.63 points for the FastKVZip 1070

branch and +2.29 points for the KVZip branch at 1071

r = 0.88. 1072

G Additional LongBench Results on 1073

Llama-3.1-8B-Instruct 1074

We also evaluate the same LongBench average set- 1075

ting on meta-llama/Llama-3.1-8B-Instruct, aligned 1076

with Appendix F. The exported Llama-3.1 data 1077

contains the KVZip branch, Expected Atten- 1078

tion, SnapKV, and the full-cache reference from 1079

SnapKV at compression ratio r = 0.00. Aver- 1080

aged over LongBench and seven compressed ratios, 1081

HubKV improves KVZip by +1.03 average points. 1082

The average gain is small near moderate compres- 1083

sion but increases in the high-compression regime, 1084

reaching +5.56 points at r = 0.95. 1085

H Additional LongBench Results on 1086

Qwen3-14B 1087

We further evaluate the same LongBench average 1088

setting on Qwen/Qwen3-14B, aligned with Ap- 1089

pendix G. This run includes both FastKVZip and 1090

KVZip branches, together with Expected Atten- 1091

tion, SnapKV, and the full-cache reference from 1092

SnapKV at compression ratio r = 0.00. Aver- 1093

aged over LongBench and five compressed ratios, 1094

HubKV improves FastKVZip by +0.90 average 1095

points and KVZip by +1.26 average points. The 1096

gains are again larger under stronger compression, 1097

reaching +1.60 points for the FastKVZip branch 1098

and +1.89 points for the KVZip branch at r = 0.88. 1099

I Details of Observation Experiments 1100

The observation study in Section 2.3 is a diagnostic 1101

analysis of score locality rather than a task-level 1102

evaluation. We therefore separate score capture 1103

from eviction. The score traces are produced by 1104

insights/capture_scores.py, which wraps the 1105

KVZip (Kim et al., 2026b) scoring module with a 1106

14



Scorer N Batch Base select ms HubKV refine+select ms Overhead Peak MB
FastKVZip 4096 1 1.50 2.51 67.7% 47.32
FastKVZip 4096 4 6.74 10.19 51.3% 182.15
FastKVZip 8192 1 3.10 4.76 53.7% 91.98
FastKVZip 8192 4 11.86 17.40 46.8% 362.37
FastKVZip 16384 1 6.75 10.18 50.7% 182.15
FastKVZip 16384 4 15.35 20.96 36.5% 722.80
FastKVZip 32768 1 11.38 17.90 57.3% 362.37
FastKVZip 32768 4 22.15 26.73 20.7% 1445.37
KVZip 4096 1 1.48 2.49 68.0% 47.32
KVZip 4096 4 6.77 10.20 50.6% 182.15
KVZip 8192 1 3.09 4.76 54.1% 91.98
KVZip 8192 4 11.88 18.40 55.0% 362.37
KVZip 16384 1 6.76 10.08 49.1% 182.15
KVZip 16384 4 14.47 21.01 45.2% 722.80
KVZip 32768 1 11.88 17.40 46.4% 362.37
KVZip 32768 4 20.61 26.87 30.4% 1445.37

Table 5: Score-stage efficiency microbenchmark. Synthetic score tensors match the Qwen3-8B layer/head shape
and use bfloat16. The table reports median latency over the measured repeats. Across all rows, the maximum
relative overhead is 68.0%, but the absolute refine-plus-select latency remains below 27 ms even at N = 32768 and
batch size 4.

Method N TTFT s Prefill tok/s Decode tok/s Peak MB
FastKVZip 4096 0.549 8672.9 13.5 52.7
HubKV(+FastKVZip) 4096 0.552 8658.5 13.2 61.7
FastKVZip 8192 1.006 8906.6 12.0 104.7
HubKV(+FastKVZip) 8192 0.997 9013.5 11.9 123.6
FastKVZip 16384 1.967 8821.0 9.3 207.5
HubKV(+FastKVZip) 16384 1.992 8681.9 9.6 244.4
FastKVZip 32768 4.370 7754.1 7.0 415.6
HubKV(+FastKVZip) 32768 4.339 7816.6 7.0 487.6

Table 6: End-to-end efficiency on Qwen3-8B. We compare FastKVZip and HubKV(+FastKVZip) at compression
ratio r = 0.95, batch size 1, and 32 generated tokens. TTFT denotes prefill plus the first decode step. The measured
TTFT overheads for HubKV are +0.49%, -0.89%, +1.26%, and -0.72% for N = 4096, 8192, 16384, 32768,
respectively.

capture-only press. The wrapper runs Qwen3-8B1107

on 500 RULER-4096 test contexts (Hsieh et al.,1108

2024), truncates each input to 2,048 tokens, trig-1109

gers the prefill scoring phase through a one-token1110

greedy generation call, and saves the resulting score1111

tensor without evicting any KV entry. Each saved1112

tensor has shape 36× 8× 2048, corresponding to1113

model layers, KV heads, and token positions.1114

All three score-based observation experiments1115

use the same content-token preprocessing in1116

insights/analyze.py. We remove the four pro-1117

tected sink tokens and the trailing local recency1118

window used by the base scorer. With the 2,048-1119

token inputs used here, the recency window is1120

⌊0.02T ⌋ = 40 tokens, leaving 2,004 content posi-1121

tions per sample. Unless otherwise stated, a token’s1122

scalar importance is the mean score over all layers1123

and KV heads.1124

For Observation 1, we sort content tokens by1125

descending importance and divide the content re-1126

gion into 64 equal-width segments. At each Top-K1127

selection step, the marginal spatial gain is 1/641128

if the selected token falls in a segment not previ-1129

ously covered, and 0 otherwise. The curve in Fig-1130

ure 1(a) reports this marginal gain over the first 801131

selections, averaged over 500 samples, with a fixed 1132

random-order baseline used only to contextualize 1133

the coverage saturation behavior. 1134

For Observation 2, we measure locality through 1135

the normalized autocorrelation of the mean im- 1136

portance sequence. For each sample, we cen- 1137

ter the importance vector and compute R(d) = 1138

Ei[(si − s̄)(si+d − s̄)]/Ei[(si − s̄)2] for token dis- 1139

tances d = 1, . . . , 150. Figure 1(b) reports the 1140

mean and sample standard deviation across the 500 1141

score traces. 1142

For Observation 3, the 1D-NMS diagnostic uses 1143

a max-pooling neighborhood of size 7. Tokens that 1144

are local maxima keep their original importance 1145

score, while non-maximal neighbors are multiplied 1146

by 0.3. We then rank tokens by the NMS-adjusted 1147

score and compare its segment coverage against 1148

ordinary Top-K under budgets K = 1, . . . , 80. The 1149

uniform-spread line in Figure 1(c) is an oracle-style 1150

reference that places selected tokens evenly across 1151

the content sequence; it is not a deployable eviction 1152

baseline. 1153

The raw-attention validation uses 1154

insights/capture_attention_hooks.py. 1155

It runs Qwen3-8B with eager attention and forward 1156
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Figure 6: Additional LongBench results on Qwen2.5-7B-Instruct-1M. We compare LongBench average scores
from HubKV-refined KVZip/FastKVZip against the corresponding base scorers, SnapKV, Expected Attention, and
the full-cache reference. The x-axis reports the true KV compression ratio, ordered from aggressive compression on
the left to full cache on the right.

hooks, then summarizes the content-only causal at-1157

tention maps instead of materializing all full maps1158

in Python. The saved validation trace used for the1159

appendix figures is from LongBench 2WikiMQA,1160

sample index 47, at 2,048 tokens. For each layer1161

ℓ and head h, the key-side attention density is1162

computed as aℓ,h(j) = |Q|−1
∑

i∈QAℓ,h(i, j)1163

over content query positions. We also store1164

layer-wise distance profiles up to distance 128 and1165

192-token local crops from layers 4, 18, and 321166

around the strongest key-mass region in the probe1167

layer. The additional raw-attention autocorrelation1168

plot trims the earliest 100 content tokens to reduce1169

prompt-prefix bias before computing R(d).1170

J Theoretical Analysis of the SMD1171

Ranking Proxy1172

In this section, we provide a structured analysis1173

of the Submodular Marginal Discounting (SMD)1174

algorithm. This appendix analyzes the SMD core1175

of HubKV and then characterizes the compression-1176

ratio-gated head-wise calibration as a bounded per-1177

turbation of the base importance scores. We formal-1178

ize the facility location objective, establish local1179

properties of the SMD proxy, and discuss its global1180

approximation characteristics.1181

J.1 Properties of the Score-Weighted1182

Coverage Objective1183

We first define the theoretical utility function that1184

SMD aims to approximate.1185

Definition 1 (Score-Weighted Local Coverage). 1186

Let wx,j = sj
K(|x−j|)

Zj
be the importance-weighted 1187

coverage kernel, where Zj =
∑

x∈V K(|x− j|) is 1188

the normalization factor. The utility of a set S is 1189

defined as Fsub(S) =
∑

x∈V maxj∈S wx,j . 1190

Proposition 1 (Monotone Submodularity). The 1191

normalized objective Fsub(S) is monotone non- 1192

decreasing and submodular, with the singleton util- 1193

ity property Fsub({j}) = sj for all j ∈ V . 1194

Proof. Monotonicity and submodularity are 1195

standard properties of facility location functions. 1196

The singleton property follows from normalization: 1197

Fsub({j}) =
∑

xwx,j =
sj
Zj

∑
xK(|x− j|) = sj . 1198

■ 1199

J.2 Local Properties of SMD 1200

Unlike iterative greedy solvers, SMD is a one-shot 1201

parallel algorithm. We first show that it strictly 1202

preserves local importance peaks. 1203

Theorem 1 (Local Hub Dominance). For any local 1204

window Wh with a unique local maximum (hub) h 1205

such that sh > si for all i ∈ Wh\{h}, the SMD al- 1206

gorithm ensures that the hub remains ranked above 1207

all its discounted neighbors: s̃h > s̃i. 1208

Proof. By the SMD refined score definition, 1209

s̃h = sh and s̃i = γsi. Since sh > si and 1210

γ ∈ (0, 1), it follows that sh > γsi. ■ 1211

We now establish the "Marginal Sandwich" 1212

which relates the refined score s̃i to the true sub- 1213

modular marginal gain ∆(i | {h}). 1214
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Figure 7: Additional LongBench results on Llama-3.1-8B-Instruct. We compare LongBench average scores
from HubKV-refined KVZip against KVZip, SnapKV, Expected Attention, and the full-cache reference. The x-axis
reports the true KV compression ratio, ordered from aggressive compression on the left to full cache on the right,
covering compressed ratios r ∈ {0.50, 0.75, 0.80, 0.85, 0.88, 0.90, 0.95} plus the full-cache point r = 0.00.

Proposition 2 (Local Marginal Sandwich). Let1215

h be a selected hub and i ∈ Wh be a neighbor.1216

Define the coverage overlap ratio as ρ(i, h) =1217
1
si

∑
x∈V min(wx,i, wx,h). The exact marginal1218

gain is ∆(i | {h}) = (1 − ρ(i, h))si. Further-1219

more, if ρ(i, h) ∈ [1− γ − η, 1− γ + η] for some1220

error η ≥ 0, then:1221

(γ − η)si ≤ ∆(i | {h}) ≤ (γ + η)si, (14)1222

and the refined score s̃i = γsi satisfies |∆(i |1223

{h})− s̃i| ≤ ηsi.1224

Proof. For the facility location objective,1225

∆(i | {h}) =
∑

xmax(0, wx,i − wx,h). Us-1226

ing max(0, A − B) = A − min(A,B), we have1227

∆(i | {h}) = si − Ω(i, h) = (1− ρ(i, h))si. The1228

bounds follow directly from the assumption on1229

ρ(i, h). ■1230

Interpretation. This result indicates that when1231

the local kernel overlap ρ is approximately 1− γ,1232

SMD’s discounted score acts as a first-order proxy1233

for the true marginal utility. By the submodularity1234

of Fsub, we further have ∆(i | S) ≤ ∆(i | {h}) ≤1235

(γ + η)si, implying that SMD serves as an approx-1236

imate upper proxy for the marginal gain in highly1237

redundant clusters.1238

J.3 Bounded Effect of Ratio-Gated Head1239

Calibration1240

The deployed HubKV variant mixes the raw base1241

score with the SMD-corrected score. For a non-1242

protected content token, write the SMD head-1243

calibrated score as ui = βiqisi, where qi ∈ {γ, 1} 1244

indicates whether token i is a non-hub or a hub, 1245

and βi ∈ [βmin, βmax] is the clipped head-wise se- 1246

lectivity weight. Given compression ratio r and 1247

gate exponent p, the final score is 1248

zi = (1− λ)si + λui, λ = rp. (15) 1249

Proposition 3 (Bounded Ratio-Gated Perturbation). 1250

For every non-protected token with si ≥ 0, the final 1251

HubKV score satisfies 1252

(1− λ+ λγβmin) si ≤ zi ≤ (1− λ+ λβmax) si.
(16) 1253

Consequently, HubKV is a bounded multiplicative 1254

perturbation of the base scorer. Moreover, for any 1255

two non-protected tokens a and b, if 1256

sa
sb

>
1− λ+ λβmax

1− λ+ λγβmin
, (17) 1257

then za > zb regardless of their local hub status or 1258

clipped head weights. 1259

Proof. Since qi ∈ {γ, 1} and βi ∈ [βmin, βmax], 1260

we have γβminsi ≤ ui ≤ βmaxsi for all non- 1261

protected tokens. Substituting this interval into 1262

zi = (1 − λ)si + λui gives the first inequality. 1263

The ranking-stability condition follows by lower- 1264

bounding za and upper-bounding zb. ■ 1265

Interpretation. The ratio gate prevents HubKV 1266

from arbitrarily rewriting the base importance 1267

scores. When compression is mild, λ = rp is small 1268

and the method remains close to the base scorer. 1269
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Figure 8: Additional LongBench results on Qwen3-14B. We compare LongBench average scores from HubKV-
refined KVZip/FastKVZip against the corresponding base scorers, SnapKV, Expected Attention, and the full-cache
reference. The x-axis reports the true KV compression ratio, ordered from aggressive compression on the left to full
cache on the right, covering compressed ratios r ∈ {0.50, 0.75, 0.80, 0.85, 0.88} plus the full-cache point r = 0.00.

When compression is aggressive, the local redun-1270

dancy correction becomes stronger, but its effect1271

remains bounded by the clipped head weights and1272

the SMD discount factor. This is the theoretical1273

guarantee attached to the deployed parallel proxy;1274

it is distinct from the global approximation guaran-1275

tee of sequential submodular greedy.1276

J.4 Global Robustness and Limitations1277

SMD does not inherit the (1 − 1/e) approxima-1278

tion ratio of sequential greedy algorithms. The1279

following baseline robustness bound applies to the1280

unweighted SMD core before head-wise calibra-1281

tion.1282

Proposition 4 (Global Lower Bound). Let SSMD1283

be the set selected by SMD with budget B, and1284

S∗ be the optimal set. Then F (SSMD)/F (S∗) ≥1285

1/B.1286

Proof. SMD always selects the global maximum1287

smax as it is a local hub. Thus F (SSMD) ≥ smax.1288

Conversely, F (S∗) ≤
∑

j∈S∗ sj ≤ Bsmax. The1289

ratio follows. ■1290

Remark (Lack of Constant Approximation Guar-1291

antee). In the absence of additional assumptions1292

on the score distribution, SMD can still fall into1293

local redundancy traps if the discount factor γ is1294

not small enough. Consider a cluster of B highly1295

redundant tokens with scores ≈ 1 and B − 1 dis-1296

tant isolated hubs with scores γ(1 − 2ϵ). SMD1297

may prefer the B redundant tokens over the dis-1298

tant hubs, leading to a performance ratio that de- 1299

cays as O(1/B). This underscores that SMD is 1300

a hardware-parallel proxy intended for empirical 1301

efficiency in LLM inference, rather than a guaran- 1302

teed submodular optimizer. 1303

K Empirical Validation via Raw 1304

Attention Analysis 1305

To further test whether the observed local redun- 1306

dancy also appears in model-native attention, we 1307

conducted a supplemental experiment using raw at- 1308

tention weights from Qwen3-8B on the LongBench 1309

2WikiMQA task (Bai et al., 2024). 1310
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Figure 9: Spatial correlation of raw attention weights.
The key-side attention density exhibits significant local
autocorrelation at short token distances, providing ad-
ditional evidence that model-native attention mass is
spatially clustered.
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Findings. As illustrated in Figure 9, the key-side1311

attention density exhibits significant exponential1312

decay in autocorrelation R(d). This structural re-1313

dundancy in model-native attention mass provides1314

additional empirical evidence for the local repul-1315

sion mechanism employed by SMD. By suppress-1316

ing local non-maxima, SMD encourages the selec-1317

tion of diverse representatives, aligning the one-1318

shot ranking with the observed locality of LLM1319

attention distributions.1320

L Additional Related Work and Baseline1321

Scope1322

Token eviction and compression baselines. The1323

main paper focuses on token-retention methods that1324

expose a Top-K-style pruning interface. Decoding-1325

time eviction methods such as H2O, Scissorhands,1326

and FastGen use past attention or learned dis-1327

card signals to remove KV entries during gen-1328

eration (Zhang et al., 2023; Liu et al., 2023;1329

Ge et al., 2024). Prefill-time methods such as1330

SnapKV, PyramidKV, Expected Attention, KVZip,1331

and FastKVZip estimate token utility before down-1332

stream generation (Li et al., 2024; Cai et al., 2024;1333

Devoto et al., 2025; Kim et al., 2026b,a). HubKV1334

is designed for this second interface: it does not re-1335

place the base scorer, but modifies the final ranking1336

so that locally redundant high-score neighbors are1337

softly discounted before the same budgeted pruning1338

step is applied.1339

Semantic and chunk-level baselines. Semantic-1340

chunk methods address a related but different unit-1341

of-selection question. ChunkKV, for example, re-1342

tains semantically coherent chunks rather than treat-1343

ing every token as an independent item (Liu et al.,1344

2026). HubKV keeps the token-level cache lay-1345

out of existing score-based systems, but its local1346

discounting plays a complementary role: it dis-1347

courages spending a tight cache budget on mul-1348

tiple neighboring tokens when a local representa-1349

tive already covers the region. Combining chunk-1350

level grouping with HubKV-style local marginal1351

discounting is a natural follow-up direction.1352

KV-cache quantization. KV-cache quantization1353

reduces the bytes used by retained keys and values1354

rather than changing which positions are retained.1355

KIVI studies asymmetric low-bit KV-cache quanti-1356

zation and KVQuant develops low-precision KV-1357

cache quantization for very long contexts (Liu et al.,1358

2024; Hooper et al., 2024). These methods are1359

therefore orthogonal to HubKV’s token-selection 1360

objective. A quantized cache can still require an 1361

eviction policy under extreme context lengths or 1362

tight memory budgets, while HubKV can in princi- 1363

ple be applied before or together with quantization 1364

to choose which entries remain in the compressed 1365

cache. 1366

M Additional Discussion 1367

HubKV is designed as a score refinement layer 1368

for cache eviction methods that already expose a 1369

Top-K-style pruning interface. If the underlying 1370

scorer assigns low importance to genuinely useful 1371

tokens, the redundancy correction cannot recover 1372

those tokens after ranking. Conversely, if a local 1373

region contains several adjacent tokens that are 1374

jointly necessary, the discounting step may move 1375

some useful non-hub tokens below the retention 1376

threshold. This behavior is most likely when the re- 1377

maining budget is already large enough to preserve 1378

local evidence chains, which is consistent with the 1379

smaller or slightly negative gains observed under 1380

moderate compression. 1381

The submodular formulation should also be in- 1382

terpreted as a modeling guide rather than as the de- 1383

ployed optimization algorithm. Sequential greedy 1384

maximization of the ideal coverage objective would 1385

introduce a dependency chain that is undesirable 1386

for LLM inference. HubKV instead uses a one- 1387

pass local proxy that preserves the parallel score- 1388

ranking interface of existing systems. The theoreti- 1389

cal analysis therefore characterizes local marginal 1390

behavior and bounded score perturbation, but it 1391

does not imply the global approximation guarantee 1392

of greedy submodular maximization. 1393

N Ethical Considerations 1394

HubKV is an infrastructure method for reducing 1395

the memory cost of long-context LLM inference, 1396

rather than an application-facing system. More 1397

efficient KV cache compression can make long- 1398

context inference less expensive and more acces- 1399

sible, but it can also lower the cost of large-scale 1400

document analysis, surveillance, or other privacy- 1401

sensitive applications. HubKV does not detect, fil- 1402

ter, anonymize, or protect sensitive information in 1403

the input context. If a prompt or document contains 1404

personal, confidential, copyrighted, or otherwise 1405

sensitive content, the compressed KV cache should 1406

still be treated as derived model state from that 1407

content rather than as an anonymized representa- 1408
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tion. Because HubKV changes which historical1409

tokens remain represented in the cache, practition-1410

ers should validate compressed systems on the in-1411

tended data distribution before using them in high-1412

stakes settings.1413

O Reproducibility Statement1414

The experimental sections report the back-1415

bone models, task families, compression ratios,1416

protected-token handling, and HubKV hyperparam-1417

eters used in the current evaluation. Appendix A1418

provides additional implementation details for pre-1419

fill and decoding-stage experiments. We will re-1420

lease code, plotting scripts, and result snapshots1421

with the camera-ready version, subject to the li-1422

censing terms of the evaluated models and bench-1423

marks.1424
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