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Abstract001

The inference of large language models typ-002
ically relies on autoregressive generation.003
Caching intermediate key-value (KV) pairs can004
eliminate redundant computations, yet the sub-005
stantial memory overhead introduced by multi-006
layer KV cache imposes a new bottleneck. Ex-007
isting compression approaches operate either008
within or across layers, respectively suffer-009
ing from limited optimization flexibility and010
static configuration strategies. In this paper, we011
adopt Rényi entropy to characterize the infor-012
mation distribution in cached KV pairs, reveal-013
ing significant and irregular fluctuations that014
vary across both inputs and layers. Motivated015
by this observation, we propose BanditKV, a016
dynamic inter-layer compression framework017
built on a two-phase optimization mechanism.018
A contextual bandit-based policy firstly adap-019
tively selects the optimal layer-grouping config-020
uration for each input. Secondly, Rényi entropy021
guides a non-uniform, layer-specific memory022
allocation scheme within each group. Besides,023
we introduce a lightweight randomized SVD024
that enables compressing factor matrices de-025
rived from KV tensors, rather than the original026
tensors, to further improve the compression027
ratio. Extensive experiments show that Ban-028
ditKV achieves an overall success with up to029
16× compression ratio, 2.2× speedup factor,030
and nearly zero-loss in inference quality.031

1 Introduction032

Large Language Models (LLMs), such as GPT-4033

and the Llama family of models (Touvron et al.,034

2023a,b; Grattafiori et al., 2024), are now widely035

deployed to provide diverse inference services.036

To reduce inference latency, these models typ-037

ically cache intermediate key-value (KV) pairs038

across network layers, thereby eliminating redun-039

dant computations during autoregressive output040

token generation. However, this caching mech-041

anism introduces substantial memory overhead042

(Pope et al., 2023). For instance, running a 175- 043

billion-parameter model with a batch size of 64 044

and a sequence length of 4K per input requires 045

approximately 1,208 GB of memory for the KV 046

cache alone—about 3.45 times the memory occu- 047

pied by the model weights (Ouyang et al., 2022). 048

This considerable memory demand highlights the 049

imperative need for compression techniques that 050

can reduce the KV cache footprint without compro- 051

mising generation quality. 052

Most existing approaches focus on compressing 053

data within individual layers, primarily through 054

methods such as quantization (Sheng et al., 2023) 055

and sparsity-based eviction (Yang et al., 2024). 056

These techniques inevitably incur quality degrada- 057

tion due to information loss within the constrained 058

intra-layer optimization space. Recently, a new di- 059

rection has emerged that merges inter-layer redun- 060

dant data (Liu et al., 2024) for a subset of layers, ex- 061

panding the optimization space and thus improving 062

output quality even under high compression ratios. 063

However, we argue that its performance remains 064

far from ideal, as the static layer-grouping frame- 065

work and simplistic merging-and-filtering policy 066

fail to adapt to the heterogeneous and dynamically 067

varying contexts encountered during inference. 068

Following the inter-layer compression line, we 069

demonstrate that, in contrast to the traditionally 070

used Shannon entropy, Rényi entropy provides a 071

more suitable measure for characterizing the dis- 072

tribution of information contained in cached KV 073

pairs. Our analysis reveals significantly irregular 074

fluctuations in information density across varying 075

input datasets/tasks and network layers. These ob- 076

servations motivate the design of our dynamic com- 077

pression framework BanditKV, that is capable of 078

adaptively responding to both input-specific and 079

layer-wise characteristics. 080

BanditKV adopts a two-phase optimization 081

mechanism to maintain inference quality while 082

enhancing the compression ratio. For a given in- 083
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ference input, the first phase consists of an Input-084

Adaptive Grouping module, which dynamically de-085

termines an appropriate group size to partition all086

network layers (rather than a partial subset) into co-087

hesive units. The inter-layer redundancy reduction088

is then performed within each group. We formu-089

late this group-size decision as a contextual bandit090

problem that learns from input features to yield an091

adaptive grouping configuration.092

The second phase executes an Entropy-Aware093

Memory Allocator. Based on the available memory094

capacity, BanditKV determines a memory budget095

for each group. By Rényi entropy, we know even096

within a group, information density varies across097

layers. Accordingly, we implement a non-uniform098

memory allocation policy where layers with lower099

entropy are aggressively compressed, and the saved100

budget is reallocated to other layers to preserve101

critical information.102

Specifically, we apply a randomized SVD algo-103

rithm to each KV tensor. The resulting factor ma-104

trices (U, S) exhibit asymmetric similarity across105

layers and are therefore stored only once per group,106

that substantially improves the compression ratio.107

In contrast, the coefficient matrix X remains layer-108

specific and is not merged. Notably, the random-109

ized SVD and reconstruction are runtime efficient,110

as only a subset of elements (determined by the111

allocated memory budget) are involved in compu-112

tations, rather than the entire tensor.113

Our contributions are summarized as follows:114

• Utilizing Rényi entropy to characterize the in-115

formation distribution of cached KV pairs and116

revealing significant, input- and layer-specific117

irregularity in its fluctuation.118

• Proposing BanditKV, a dynamic inter-layer119

compression framework that adaptively per-120

forms input-specific layer grouping and121

entropy-aware memory allocation within122

groups. By merging SVD-decomposed factor123

matrices instead of the original tensors, it fur-124

ther enhances the compression ratio. Together,125

these optimizations ensure robust inference126

quality while achieving significant memory127

reduction and improved runtime efficiency.128

• Extensive experiments on 14 LongBench129

datasets show that BanditKV achieves a com-130

pression ratio of up to 16× and a speedup131

factor of up to 2.2×, while maintaining nearly132

full inference quality.133

2 Related Work 134

Efficient Inference and KV Cache Management. 135

Optimization for LLM inference demands end-to- 136

end coordination, ranging from system-level ker- 137

nels to algorithmic adjustments. At the system 138

level, frameworks like FlashInfer (Ye et al., 2025b) 139

and Apt-Serve (Gao et al., 2025) optimize atten- 140

tion kernels and request scheduling to minimize 141

latency, while algorithmic innovations like Specula- 142

tive Beam decoding (Qin et al., 2025b) and prompt 143

compression (Liskavets et al., 2025) reduce over- 144

head by adjusting generation width or input length. 145

Specific to KV cache, intra-layer approaches pri- 146

marily focus on sparse eviction and quantization. 147

For instance, Attention Sinks (Xiao et al., 2023) 148

ensure stability in streaming inference via token 149

preservation, while Cache-Craft (Agarwal et al., 150

2025) and CAKE (Qin et al., 2025a) employ hi- 151

erarchical tiering and adaptive eviction policies. 152

However relying on heuristic-based eviction or ag- 153

gressive quantization, they inevitably discard criti- 154

cal long-tail information or introduce quantization 155

noise, leading to irreversible precision degradation, 156

especially in long-context retrieval tasks. Recog- 157

nizing the limitations of intra-layer methods, recent 158

research has pivoted toward exploiting redundancy 159

across transformer blocks. To further reduce mem- 160

ory usage, cross-layer compression techniques like 161

MiniCache (Liu et al., 2024) attempt to merge KV 162

states from adjacent layers. Nevertheless, these 163

inter-layer approaches generally adopt static merg- 164

ing strategies or uniform compression configura- 165

tions, failing to adapt to the dynamic information 166

density variance across inputs and layers. 167

Compression and Spectral Analysis. Recent 168

research integrates adaptive fusion paradigms (Gu 169

et al., 2025; Zhang et al., 2025; Lu et al., 2024; 170

Ye et al., 2025a; Huang et al., 2024; Zhu et al., 171

2025; Du et al., 2024; Dziadzio et al., 2025; Qu 172

et al., 2025; Li et al., 2025; Zhao et al., 2025) 173

with spectral analysis via low-rank approxima- 174

tions (Hu et al., 2021; Wang et al., 2024, 2025b; 175

Boullé and Townsend, 2022; Huang et al., 2025) 176

(Aharon et al., 2006; Wang et al., 2025a; Chen 177

et al., 2021). While primarily targeting parameter 178

efficiency, these methods validate singular value 179

truncation as a theoretical basis for compressing 180

activation states. 181

Existing paradigms, constrained by static heuris- 182

tics and isolated processing, ignore the dynamic 183

heterogeneity of attention patterns. 184
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Figure 1: Rényi Entropy analysis of different datasets. The Shannon Entropy metric is shown in (b) and (d), while
the Rényi Entropy metric is shown in (a) and (c).

3 Motivation185

While low-rank compression (Wang et al., 2024)186

offers a promising pathway for reducing KV cache187

overhead, current cross-layer approaches(Liu et al.,188

2024) are limited by static assumptions. These189

methods enforce fixed grouping strategies and uni-190

form rank configurations, ignoring the inherent191

heterogeneity of information across layers and192

tasks. In this section, we dismantle these limita-193

tions through empirical analysis, identifying three194

critical phenomena that drive the design of Ban-195

ditKV.196

3.1 Task-Dependent Information Dynamics197

Current methods typically enforce a fixed group-198

ing size, implicitly assuming that information flow199

remains invariant across tasks. However, our em-200

pirical findings contradict this assumption.201

Before analyzing task-specific dynamics, we first202

identify the optimal metric for quantifying the in-203

formation density of KV tensors. We compare the204

standard Shannon entropy (α = 1.0) against Rényi205

entropy (α = 0.5) based on the singular value206

distribution. As illustrated in Figure X, Shannon207

entropy tends to exhibit a flat, uniform distribution208

across layers, failing to capture the subtle struc-209

tural sparsity of attention heads. In sharp contrast,210

Rényi entropy reveals distinct, high-variance fluc-211

tuations. By assigning greater weight to the domi-212

nant singular values, it serves as a more sensitive213

proxy for effective rank, accurately distinguishing214

information-rich layers from redundant ones.215

Task-Specific Shifts. As shown in Figure 1, uti-216

lizing Rényi entropy, we analyzed the data flow217

of Llama3-8B-Instruct across distinct tasks. The218

results demonstrate that the distribution of entropy219

peaks shifts significantly depending on the task220

type and input length. A grouping strategy that is221

optimal for summarization may prove suboptimal 222

for coding, leading to a trade-off where static strate- 223

gies are either too aggressive or too conservative. 224

Data-Driven Dynamic Grouping. Given that the 225

optimal grouping size is highly dynamic, we formu- 226

late the grouping decision as a Contextual Bandit 227

problem. This enables the system to adaptively 228

select the optimal configuration based on input fea- 229

tures, efficiently leveraging cross-layer redundancy 230

in a personalized manner. 231

3.2 Asymmetric Spectral Redundancy 232

To investigate the structural compressibility of KV 233

tensors, we analyze the spectral properties of Key 234

and Value matrices via Singular Value Decompo- 235

sition (SVD). Taking the Value tensor as a repre- 236

sentative example, we decompose the tensors from 237

individual layers to extract their spectral compo- 238

nents: the orthonormal token basis U , the singular 239

value spectrum S, and the coefficient matrix X . 240

Our analysis reveals a striking dichotomy in the 241

spectral redundancy of Value tensors across layers. 242

As visualized in Figure 2 (with consistent results 243

for Key tensors in Appendix Figure 6), the U and 244

S matrices exhibit strong inter-layer correlations, 245

indicated by high similarity scores. This suggests 246

that the principal semantic subspaces are largely 247

shared among adjacent layers. In sharp contrast, the 248

coefficient matrices X display significantly lower 249

similarity, appearing almost orthogonal between 250

layers. This phenomenon implies a clear functional 251

separation: the projection basis (US) encodes a 252

global semantic alignment shared across the group, 253

while the reconstruction coefficients (X) capture 254

local, layer-specific nuances essential for distinct 255

attention patterns. 256

This observation motivates our structural de- 257

coupling design. By storing a single shared copy of 258

3



0

16

30

0

16

30

0

16

30
0 16 30 0 16 30 0 16 30

0.2

1.0

0.2

1.0

0.2

1.0

Layers

Layers

CCA Similarity - U Matrix CCA Similarity - S Matrix CCA Similarity - X Matrix

Layers Layers

Layers

Layers
Si

m
ila

rit
y 

Si
m

ila
rit

y 

Si
m

ila
rit

y 

Figure 2: V Tensor Similarity Analysis Across Layers

the US basis per group while maintaining indepen-259

dent X matrices, we can achieve aggressive com-260

pression without sacrificing the representational261

diversity of individual layers.262

3.3 Irregularity of Information Density263

A critical limitation of existing methods is their264

reliance on static rank allocation, which implic-265

itly assumes a uniform distribution of information266

across the network. However, our Rényi entropy267

analysis reveals a distinct mountain-shaped distri-268

bution, where intermediate layers exhibit signif-269

icantly higher information density compared to270

the input and output layers (see Figure 1). Con-271

sequently, a uniform rank strategy incurs a double272

penalty: it squanders memory resources on low-273

entropy edge layers while simultaneously starving274

high-entropy intermediate layers, leading to irre-275

versible semantic loss. Furthermore, we observe276

that Value tensors consistently exhibit higher en-277

tropy than Key tensors, necessitating a differential278

allocation of the rank budget. These findings mo-279

tivate our density-driven strategy, which utilizes280

Rényi entropy as a dynamic proxy to funnel rank281

budgets toward information-dense regions, maxi-282

mizing feature retention within a constrained global283

limit.284

4 BanditKV285

Building on the insights from Section 3, we intro-286

duce BanditKV, a dynamic compression framework287

designed to optimize the trade-off between mem-288

ory footprint and generation quality. In this section,289

we detail its two core components the Contextual290

Bandit Decision Engine and the Dynamic Rank291

Allocation Engine.292

4.1 Model Framework 293

As illustrated in Figure 3, BanditKV operates 294

as a unified two-phase pipeline that harmonizes 295

decision-making with execution. 296

Phase I: Dynamic Group Size Selection. The 297

workflow initiates with the Contextual Bandit De- 298

cision Engine, acting as the system controller. No- 299

tably, this engine operates in a cold-start mode, 300

eliminating the need for offline pre-training by 301

learning optimal policies directly from online inter- 302

actions. Conditioned on input Tasks and Environ- 303

ment states, the agent predicts an optimal grouping 304

size G (e.g., G = 8). This step adaptively partitions 305

the N transformer layers into cohesive groups to 306

balance merging granularity with semantic fidelity. 307

Phase II: Entropy-Aware Memory Allocation. 308

Within each group, the system executes a dual- 309

stage compression strategy. First, in the Group- 310

Level Coarse Truncation (First Cut-off), concate- 311

nated KV tensors are decomposed via Random- 312

ized SVD. Based on the group’s overall entropy, 313

the shared bases (U, S) and all layer-specific co- 314

efficients (X) are initially truncated to a unified 315

group rank budget. Subsequently, the Layer-Wise 316

Fine-Grained Allocation (Second Cut-off) redis- 317

tributes this budget based on internal layer impor- 318

tance. Specifically, X matrices are physically trun- 319

cated to layer-specific ranks to minimize storage, 320

while U and S retain the group rank, undergoing 321

implicit secondary truncation only during the run- 322

time reconstruction phase. 323

4.2 Contextual Bandit Decision Engine 324

The core innovation of BanditKV is treating the 325

layer grouping strategy not as a fixed hyperparam- 326

eter, but as a sequential decision-making problem. 327

We employ the LinUCB algorithm (Li et al., 2010) 328

to learn a personalized grouping policy. 329

Problem Formulation. We formulate the layer 330
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Figure 3: Framework of BanditKV

grouping decision as a contextual bandit problem331

characterized by the tuple ⟨S,A,R⟩. The State332

Space (S) is represented by a context vector xt cap-333

turing input-specific features, including sequence334

length, task semantics, and model configuration.335

The Action Space (A) comprises a discrete set of336

candidate grouping sizes (e.g., A = {1, 2, 4, 8}),337

where selecting an action a entails merging ev-338

ery a adjacent layers into a cohesive unit. Finally,339

the Reward (R) is defined as a composite metric340

designed to optimize the multi-objective trade-off341

among generation accuracy, compression ratio, and342

inference latency.343

Decision Mechanism. Unlike standard UCB344

which ignores context, LinUCB assumes the ex-345

pected reward of an action a is linear in its features:346

E[rt,a|xt] = x⊤t θa. At each step t, the agent selects347

the action that maximizes the Upper Confidence348

Bound to balance exploration and exploitation. The349

standard update rules and theoretical guarantees are350

detailed in Appendix A.1.351

Composite Reward Function. To align the352

agent’s objective with system efficiency, we design353

a scale-invariant reward function. We define the354

relative changes in accuracy (∆Acc), compression355

(∆CR), and latency (∆Lat) as Equation 1356

racc =
Accnew − Accbase

Accbase
,

rcomp = 1− 1

CRnew
,

rlat =
Latbase − Latnew

Latbase

(1)357

The final reward Rt is a weighted sum of these358

components as Equation 2359

Rt = wacc · racc + wcomp · rcomp + wlat · rlat (2)360

where weights wacc, wcomp, wlat control the prefer- 361

ence for performance versus efficiency (see Ap- 362

pendix A.3 for settings). This design enables the 363

agent to autonomously learn policies such as prior- 364

itize accuracy for coding tasks or maximize com- 365

pression for long-context retrieval, effectively solv- 366

ing the local optimality issue of static strategies. 367

4.3 Dynamic Rank Allocation Engine 368

The Dynamic Rank Allocation Engine is respon- 369

sible for distributing the global compression bud- 370

get across layers based on their information den- 371

sity. It consists of three stages budget initialization, 372

structural compression via Randomized SVD, and 373

entropy-guided allocation. 374

4.3.1 Global Rank Budget Initialization 375

Prior to decomposition, we determine the total 376

rank budget Btotal to satisfy the target compres- 377

sion ratio (CR). Let the original KV cache size be 378

Morig ∝ Lseq · Nlayer · Dmodel. The compressed 379

format consists of shared bases (US) and layer- 380

specific coefficients (X) for each group. 381

To ensure the final memory footprint meets 382

the target CR (i.e., Morig/Mcomp ≈ CR), we 383

reverse-engineer the allowable average rank ravg 384

per group. Considering the storage cost of shared 385

bases (Lseq × r) and layer-specific coefficients 386

(Nlayer × Dmodel × r), the average rank is calcu- 387

lated as Eq 3 388

ravg =
Nlayer · Lseq ·Dmodel

CR · (Ng · Lseq +Nlayer ·Dmodel)
(3) 389

The total rank budget is then defined as Eq 4: 390

Btotal = Ng × ravg (4) 391
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where Ng is the number of groups determined by392

the Bandit engine. This Btotal acts as the global re-393

source pool for the subsequent dynamic allocation.394

395

4.3.2 Structural Compression via396

Randomized SVD397

Standard SVD is computationally prohibitive for398

high-dimensional KV tensors (O(min(m,n)3)).399

To address this, we adopt Randomized SVD400

(Boullé and Townsend, 2022), which reduces the401

complexity to O(Lseq · (|G|d) · k), offering a the-402

oretical 3–10× speedup, see complexity analysis403

in Appendix A.2 and we provide a schematic il-404

lustration of this process in Appendix Figure 5.405

Our framework introduces a Split-Storage Mecha-406

nism to maximize cross-layer redundancy as follow.407

Based on the bandit-selected size G, we concate-408

nate KV tensors from adjacent layers into a joint409

matrix ZG ∈ RLseq×(|G|·d).410

We decompose ZG into a low-rank approxima-411

tion ZG ≈ UrSrX
⊤
r . Crucially, leveraging the412

asymmetric redundancy identified in Section 3.2,413

we decouple the representation into two distinct414

components. The product of the left singular vec-415

tors and singular values constitutes the Shared Ba-416

sis (Mshared = UrSr), which encapsulates the com-417

mon semantic subspace spanned by all layers in the418

group; consequently, we persist only a single copy419

of Mshared per group to minimize redundancy. Con-420

versely, the right singular vectors form the Layer-421

Specific Coefficients (X⊤
r ), capturing unique local422

variations. We partition X⊤
r along the feature di-423

mension into |G| distinct blocks, formulated as424

X⊤
r = [X1, X2, . . . , X|G|], where each sub-matrix425

Xi is exclusively mapped to an individual layer.426

During decoding, the system reconstructs the427

specific KV tensor for layer li via a single matrix428

multiplication as Equation 5429

Ẑli = Mshared ×Xli (5)430

This decoupling reduces memory usage from stor-431

ing N independent tensors to storing 1 shared basis432

plus N smaller coefficient matrices, significantly433

lowering the memory footprint.434

4.3.3 Entropy-Based Information435

Quantification436

To guide the allocation of the limited rank budget,437

we require a robust metric to quantify the informa-438

tion density of each compressed group. While stan-439

dard methods often rely on the variance (squared440

singular values), we argue that for LLM attention, 441

the information is highly concentrated in the top 442

singular vectors. 443

To accentuate the dominant semantic compo- 444

nents while suppressing the noise from the long 445

tail of the spectrum, we propose a Cubic-Weighted 446

Rényi Entropy. For a group g with singular values 447

{σ(g)
i }, we first construct a normalized probabil- 448

ity distribution p(g) utilizing cubic weighting as 449

Equation 6 450

p
(g)
i =

(σ
(g)
i )3∑

j(σ
(g)
j )3

(6) 451

The information complexity score Hg is then com- 452

puted using Rényi entropy (α = 0.5) as Eq 7 453

Hg = Hα(p
(g)) = − log

(∑
i

(p
(g)
i )α

)
(7) 454

This metric (Hg) effectively serves as a proxy for 455

the representational richness of the group, enabling 456

the system to distinguish between information- 457

dense intermediate layers and sparse edge layers. 458

4.3.4 Complexity-Aware Rank Distribution 459

Based on the quantified entropy Hg, the Dynamic 460

Rank Allocation Engine distributes the total budget 461

Btotal (derived in Section 4.3.1) proportionally. 462

We adopt a linear scaling strategy where the rank 463

assigned to group g is directly proportional to its 464

relative information complexity. The allocation 465

weight wg and the final rank kg are calculated as 466

Equation 8 467

wg =
Hg∑Ng

j=1Hj

, kg = ⌊Btotal · wg⌋ (8) 468

Reflecting our observation in Section 3.3 that Value 469

tensors carry significantly higher entropy than Key 470

tensors, we perform this allocation process inde- 471

pendently for Key and Value matrices. 472

To prevent information collapse in extremely 473

low-entropy layer, we enforce a Minimum Rank 474

Threshold (kmin). The final rank is clipped: k∗g = 475

max(kg, kmin). This ensures theoretical robust- 476

ness while maximizing memory efficiency for high- 477

entropy layers. 478

5 Experiments 479

We evaluate BanditKV on the 14 Datasets of Long- 480

Bench benchmark (Bai et al., 2024) using Llama3- 481

8B-Instruct and Mistral-7B. All experiments were 482

conducted on a single NVIDIA A6000 GPU. Setup 483

details are provided in Appendix 3. 484
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Table 1: Main Results: Performance Retention on LongBench. We report the relative performance retention (%)
normalized against the FP16 baseline (set as 100%) to unify evaluation metrics across diverse tasks.

Methods(Compression Ratio)
Single-Doc QA Multi-Doc QA Summarization Few-Shot Code

Avg
NaQA QAs MFQA HPQA WKQA Mus GovR Qmsum Mnews Trec TrivQA Ssum Lcc RPB

Llama3-8B-instruct

Baseline(1.00x) 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
StreamingLLM(8.00x) 68.17 63.31 64.08 80.30 80.74 79.01 88.51 91.96 86.40 93.09 93.78 92.80 92.31 97.79 83.73
H2O(7.98x) 92.47 85.88 86.93 93.50 94.01 91.99 90.21 93.72 88.06 86.92 87.57 86.65 94.22 99.81 90.85
PyramidKV(7.96x) 67.74 62.91 63.68 77.73 78.15 76.48 66.40 68.99 64.82 74.62 75.18 74.40 62.29 65.99 72.81
CAKE(8.01x) 96.52 89.64 90.73 97.82 98.35 96.25 93.15 96.77 90.92 98.05 98.79 97.75 94.29 98.72 96.68
BanditKV(8.01x) 99.68 92.57 93.70 101.27 101.82 99.64 96.67 100.43 94.36 98.78 99.52 98.48 83.71 93.63 98.20

Mistral-7B

Baseline(1.00x) 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
StreamingLLM(8.00x) 67.07 65.56 64.77 81.58 78.75 81.09 88.60 90.89 89.60 96.15 95.67 89.01 98.11 96.97 84.55
H2O(7.99x) 89.96 86.61 85.56 94.36 91.09 93.80 90.20 92.52 91.21 90.33 89.88 83.63 99.07 98.15 91.16
PyramidKV(7.93x) 67.16 64.65 63.87 77.62 74.94 77.16 65.98 67.68 66.72 75.10 74.73 69.53 67.06 66.28 69.89
CAKE(8.00x) 95.04 91.49 90.38 96.60 93.26 96.03 92.00 94.38 93.04 98.99 98.50 91.65 99.47 98.89 94.98
BanditKV(8.01x) 101.20 97.44 96.25 96.79 93.45 96.22 97.39 99.92 98.47 93.36 100.84 100.35 96.68 95.58 97.42

Table 2: Ablation Results comparing BanditKV components against baselines.

Methods(Compression Ratio)
Single-Doc QA Multi-Doc QA Summarization Few-Shot Code

Avg
NaQA QAs MFQA HPQA WKQA Mus GovR Qmsum Mnews Trec TrivQA Ssum Lcc RPB

Llama3-8B-Instruct

Baseline(1.00x) 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
Minicache(5.02x) 92.12* 88.69* 96.34* 91.96* 98.26* 91.36* 93.46* 96.21* 89.19* 98.93* 100.00* 89.99* 99.77* 99.65* 94.71*
StaticRank-Singlelayer(6.00x) 97.44 89.68 93.81 90.38 97.15 93.59 88.86 95.26 95.24 98.50 87.61 85.12 76.63 86.84 91.15
StaticRank-Doublelayer(5.98x) 68.77 89.65 84.22 87.47 91.48 79.80 74.40 90.43 97.21 98.12 86.83 84.03 73.81 78.91 84.65
DynamicRank-Singlelayer(6.00x) 97.62 96.38 95.96 93.10 97.21 99.15 81.13 96.41 99.10 99.50 96.31 88.94 91.66 98.05 95.03
DynamicRank-Doublelayer(5.99x) 98.31 96.36 97.96 98.20 95.58 92.36 97.51 97.53 98.73 99.34 95.21 90.97 93.10 95.62 96.19
BanditKV (6.01x) 99.09 98.40 99.30 101.10 101.92 100.02 98.07 100.29 97.03 100.38 100.88 99.76 87.63 99.73 98.82

Mistral-7B

Baseline(1.00x) 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
Minicache(5.02x) ✗ ✗ 81.78 ✗ 96.59 ✗ 89.89 88.59 ✗ 98.50 ✗ ✗ 98.70 100.08 93.44
StaticRank-Singlelayer(6.00x) 80.31 88.47 82.33 51.33 54.80 47.10 88.76 90.09 97.05 89.34 95.19 95.36 95.34 88.19 81.69
StaticRank-Doublelayer(5.99x) 90.44 90.57 90.68 55.81 71.96 48.04 93.66 91.98 98.08 90.35 96.43 98.07 95.98 89.91 86.28
DynamicRank-Singlelayer(6.00x) 100.97 97.34 99.10 95.38 96.38 95.72 95.85 99.46 98.05 93.95 99.35 99.77 96.20 95.18 97.33
DynamicRank-Doublelayer(5.99x) 100.71 97.81 82.33 96.44 96.13 96.42 97.47 99.27 98.53 94.46 98.55 100.02 96.57 94.69 96.38
BanditKV (Ours) 101.94 98.10 100.09 96.47 96.66 96.42 98.21 99.48 98.65 94.50 101.34 100.16 96.83 96.29 98.22

5.1 Experimental Setup and Baselines485

We compare BanditKV against two categories of ro-486

bust baselines: (1) Intra-layer Methods, including487

H2O (Zhang et al., 2023), StreamingLLM (Xiao488

et al., 2023), PyramidKV (Yang et al., 2024), and489

the state-of-the-art quantization-based CAKE (Qin490

et al., 2025a); and (2) Inter-layer Methods, specifi-491

cally MiniCache (Liu et al., 2024).1492

5.2 Overall Performance Analysis493

Table 1 presents a comprehensive comparison of494

BanditKV against state-of-the-art baselines. As ob-495

served, BanditKV consistently achieves superior496

inference quality across diverse tasks. Given the di-497

verse evaluation metrics employed by LongBench498

(e.g., ROUGE-L, F1, Accuracy), we report the Per-499

formance Retention Rate to facilitate a uniform500

comparison. Specifically, the performance of the501

uncompressed baseline is normalized to 100%, and502

all compression results are expressed as a percent-503

1Results for MiniCache are cited directly from the original
paper due to the unavailability of official code.

age relative to this baseline. 504

BanditKV significantly outperforms the leading 505

intra-layer quantization method, CAKE, improving 506

average generation quality by 1.52% on Llama3- 507

8B and 2.44% on Mistral-7B. The performance 508

advantage is particularly pronounced in memory- 509

intensive summarization tasks; for instance, on 510

Qmsum, BanditKV achieves a peak improvement 511

of over 5.5% compared to competitive baselines. 512

This result highlights that optimizing the KV cache 513

structure via dynamic inter-layer grouping is in- 514

herently more effective than aggressive quantiza- 515

tion for preserving semantic integrity. Moreover, 516

on retrieval-intensive QA tasks, our method sur- 517

passes static eviction strategies like H2O by a mar- 518

gin exceeding 10%. This substantial gap empiri- 519

cally proves that our entropy-aware allocation ef- 520

fectively safeguards long-tail information, which 521

is frequently discarded by rigid, heuristic-based 522

policies. 523

BanditKV demonstrates exceptional stability un- 524

der aggressive compression regimes. Even at a 525

16× compression ratio, it retains over 99% of the 526
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Figure 4: The distribution of Group Size (G) selections learned by BanditKV across different tasks and compression
ratios.

original performance on multiple datasets (refer to527

Appendix Table 5). In contrast to static baselines528

that exhibit architectural sensitivity—performing529

well on one model but failing on another—our530

bandit-based decision engine dynamically adapts to531

model-specific variance. This adaptability ensures532

consistent high-fidelity retention across distinct ar-533

chitectures, such as Llama3 and Mistral, verifying534

the generalizability of our framework.535

5.3 Ablation Studies536

To isolate the contributions of individual compo-537

nents, we compare BanditKV against MiniCache538

and various static configurations in Table 2.539

The results unequivocally validate the neces-540

sity of our entropy-guided design. The Dynamic-541

Rank strategy consistently outperforms the uniform542

Static-Rank allocation, yielding an average accu-543

racy gain of approximately 4.8% over the strongest544

static baseline (MiniCache). As shown in the degra-545

dation of Static-Rank/Singlelayer (e.g., dropping546

to 47.1% on Mistral summarization), uniform rank547

distribution fails to capture the heterogeneous in-548

formation density described in Sec 3.3. By fun-549

neling the rank budget to information-rich layers,550

BanditKV effectively prevents this information col-551

lapse. Furthermore, the superiority of BanditKV552

over fixed grouping baselines confirms that the553

bandit-based policy successfully balances the trade-554

off between merging granularity and feature recon-555

struction.556

5.4 Analysis of Adaptive Grouping Policy 557

Figure 4 illustrates the learned policy distribution, 558

showing how BanditKV balances granularity and 559

efficiency. The policy adapts to intrinsic task re- 560

dundancy. For Code Generation, the model fa- 561

vors coarse grouping to exploit syntactic periodic- 562

ity. Conversely, Multi-Document QA shifts signifi- 563

cantly toward fine granularity, prioritizing precise 564

token-level retention to capture dispersed needle-in- 565

a-haystack retrieval cues. The policy dynamically 566

adjusts to memory budgets. As compression ra- 567

tios rise to 16×, redundant tasks shift to extreme 568

grouping (G = 8). However, information-dense 569

tasks exhibit protective behavior by retaining small 570

groups (G = 1) to safeguard essential tokens. This 571

demonstrates BanditKV’s ability to autonomously 572

balance semantic fidelity with strict system con- 573

straints. 574

6 Conclusion 575

We introduce BanditKV, a dynamic framework 576

leveraging Rényi entropy to address the rigidity 577

of static compression. By harmonizing contextual 578

bandit grouping with adaptive rank allocation, it 579

achieves up to 16× compression and 2.2× speedup 580

with nearly zero quality loss. Our work highlights 581

the efficacy of dynamic, structure-aware optimiza- 582

tion for efficient long-context inference. 583
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Limitations584

While BanditKV excels in memory-intensive long-585

context scenarios, the overhead from contextual586

bandits and SVD renders it less suitable for short,587

compute-bound sequences. Future work will focus588

on integration with serving systems like vLLM589

(Kwon et al., 2023) and orthogonal quantization to590

further mitigate these overheads.591

We utilized AI assistance (ChatGPT) solely for592

grammatical error checking and writing style re-593

finement.594

Ethics Statement595

This work aims to improve the efficiency of Large596

Language Models (LLMs) by reducing memory597

usage and computational overhead. By enabling598

more efficient inference, our method contributes to599

Green AI initiatives, potentially lowering the en-600

ergy consumption and carbon footprint associated601

with deploying large-scale models.602

In our experiments, we utilized publicly avail-603

able benchmark datasets (LongBench) and stan-604

dard open-source models (Llama 3, Mistral). We605

did not collect, process, or release any private, sen-606

sitive, or demographic-specific personal data. We607

do not foresee any direct negative social impacts608

or specific ethical hazards resulting from this com-609

pression technique, although we acknowledge the610

general ethical considerations associated with the611

broader deployment of LLMs.612
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A Preliminaries and Algorithm Details843

A.1 Standard Contextual Bandit844

Formulations845

In this section, we provide the standard mathemati-846

cal formulations for the Upper Confidence Bound847

(UCB) and Linear UCB (LinUCB) algorithms ref-848

erenced in Section 4.2.849

The classic UCB strategy selects the action a that850

maximizes the upper confidence bound to balance851

exploration and exploitation as Equation 9852

at = argmaxa∈A

(
Qt(a) + c

√
ln t

Nt(a)

)
(9)853

where Qt(a) denotes the average reward of action854

a, Nt(a) is the selection count, and c is a con-855

fidence hyperparameter. The value estimation is856

updated incrementally as Equation 10857

Qt+1(a) = Qt(a)+
1

Nt(a)
(rt(a)−Qt(a)) (10)858

In the Contextual Bandit setting, LinUCB as-859

sumes the expected reward of an arm a is linear in860

its feature vector xt,a with an unknown coefficient861

vector θa. The algorithm selects the arm with the862

highest potential reward upper bound:863

a∗t = argmax
a∈A

(
r̂(a) + α

√
x⊤t,aA

−1
a xt,a

)
(11a)864

where r̂(a) = θ̂⊤a xt,a, θ̂a = A−1
a ba (11b)865

Here, Aa represents the covariance matrix (initial-866

ized as Id), ba is the reward vector, and α controls867

the exploration intensity.868

A.2 Randomized SVD: Procedures and869

Complexity870

A.2.1 Standard Procedures871

We employ Randomized SVD to efficiently approx-872

imate the low-rank structure of the concatenated873

KV tensors. Given an input matrix X ∈ Rm×d and874

a target rank k, the standard procedure involves875

three steps:876

1. Random Projection: To capture the dominant877

range of X , we apply a Gaussian random pro-878

jection matrix Ω ∈ Rd×k:879

Y = XΩ (12)880

This step maps the high-dimensional input881

into a lower-dimensional subspace Y ∈882

Rm×k.883

2. QR Decomposition: An orthonormal basis Q 884

for the range of Y is obtained via QR decom- 885

position: 886

Y = QR (13) 887

where Q ∈ Rm×k is an orthonormal matrix 888

and R is upper-triangular. 889

3. SVD Computation: The original matrix is pro- 890

jected onto the subspace Q to form a smaller 891

matrix B = Q⊤X ∈ Rk×d. Standard SVD is 892

then performed on B: 893

B = ŨΣV ⊤ (14) 894

The final low-rank approximation of X is 895

given by U = QŨ , yielding X ≈ UΣV ⊤. 896

A.3 Hyperparameter Settings 897

To facilitate reproducibility, we list the key hyper- 898

parameters used in the BanditKV decision engine 899

and rank allocation module in Table 3. 900

Module Parameter Value

Contextual Bandit Exploration α 0.1
Feature Dim (xt) 64

Reward Function
Accuracy Weight wacc 10.0

Compression Weight wcomp 1.5
Latency Weight wlat 0.5

Rank Allocation Rényi Entropy α 0.5
Min Rank Threshold kmin 16

Table 3: Hyperparameter settings for BanditKV experi-
ments.

A.4 Detailed Analysis of High-Compression 901

Robustness 902

A.4.1 Complexity Analysis 903

The efficiency gain of BanditKV stems from re- 904

placing the full SVD with Randomized SVD. For 905

a concatenated KV tensor X ∈ RL·B×d (where 906

L is the number of layers in a group, B is batch 907

size × sequence length, and d is hidden dimen- 908

sion), the computational complexity comparison is 909

as follows: 910

• Full SVD: The complexity is typically 911

O(min(m, d)2 · max(m, d)). Since m ≫ d 912

in long-context scenarios, this approximates 913

to O(m · d2). 914

• Randomized SVD: The dominant cost is the 915

matrix multiplication in the random projection 916

step, with complexity O(m · d · k), where k 917

is the target rank. 918
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Figure 5: Randomized SVD of KV
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Figure 6: K Tensor Similarity Analysis Across Layers

Table 4: High Compression Experimental Results of BanditKV (Origin Scores)

Compression Ratio
(Speed Up Ratio)

Single-Document QA Multi-Document QA Summarization Few-shot Learning Code
Avg

NaQA QAs MFQA HPQA WKQA Mus GovR Qmsum Mnews Trec TrivQA Ssum Lcc RPB

Llama3-8B-instruct

1.0x(1.000x) 31.07 33.46 33.06 33.22 33.54 34.76 26.34 25.35 27.95 68.91 68.39 69.11 60.09 56.72 42.96
2.0x(1.065x) 31.05 35.06 33.67 33.84 34.57 34.74 26.33 25.42 28.38 68.85 70.63 70.35 59.99 56.82 43.55
4.0x(1.181x) 31.00 34.92 33.85 33.66 34.40 34.69 26.05 25.59 27.53 68.61 69.94 71.30 59.78 56.83 43.37
6.0x(1.319x) 30.78 32.92 32.82 33.58 34.18 34.82 25.83 25.42 27.19 69.17 68.99 69.94 52.65 56.67 42.45
8.0x(1.457x) 30.97 30.97 30.97 33.64 34.15 34.63 25.46 25.45 26.37 68.06 68.06 68.05 50.30 53.10 42.18
10.0x(1.598x) 30.73 28.79 29.07 33.34 33.11 34.65 25.43 25.25 26.11 68.71 68.53 67.96 47.10 51.08 40.75
12.0x(1.712x) 30.52 ✗ ✗ 32.76 30.30 34.62 ✗ 24.98 ✗ 68.51 67.61 67.42 ✗ ✗ ✗

14.0x(1.939x) 30.27 ✗ ✗ 31.59 27.82 34.86 ✗ 25.24 ✗ 68.75 68.12 66.52 ✗ ✗ ✗

16.0x(2.207x) 30.34 ✗ ✗ 31.44 27.17 33.49 ✗ 24.82 ✗ 68.71 66.98 65.96 ✗ ✗ ✗

Mistral-7B

1.0x(1.000x) 32.09 31.56 34.66 32.82 33.94 32.96 27.14 24.95 28.15 69.92 67.39 70.01 62.39 57.02 43.12
2.0x(1.060x) 32.45 31.58 35.13 32.63 34.03 32.99 26.97 24.95 28.07 69.22 73.81 70.12 61.92 56.72 43.39
4.0x(1.826x) 32.59 31.35 34.69 32.42 33.73 32.56 26.86 24.97 28.07 67.12 71.21 70.46 61.26 55.55 42.96
6.0x(1.995x) 32.71 30.96 34.69 31.66 32.80 31.78 26.65 24.81 27.76 66.07 68.29 70.12 60.41 54.90 42.35
8.0x(2.211x) 32.47 30.75 33.36 31.76 31.71 31.71 26.43 24.93 27.71 65.27 67.95 70.25 60.31 54.49 42.00
10.0x(2.199x) 31.78 29.55 29.36 30.72 31.13 31.52 26.22 24.20 27.36 64.03 67.18 70.36 58.66 53.11 40.11
12.0x(2.223x) 31.68 26.83 28.18 28.36 30.21 29.79 26.15 24.52 27.17 62.92 66.81 69.18 58.07 52.93 39.53
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Table 5: High Compression Experimental Results of BanditKV

Compression Ratio
(Speed Up Ratio)

Single-Document QA Multi-Document QA Summarization Few-shot Learning Code
Avg

NaQA QAs MFQA HPQA WKQA Mus GovR Qmsum Mnews Trec TrivQA Ssum Lcc RPB

LLaMa3-8B-instruct

1.0x(1.000x) 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
2.0x(1.065x) 99.96 104.79 101.87 101.87 103.10 99.95 99.97 100.28 101.54 99.92 103.28 101.80 99.84 101.18 101.38
4.0x(1.181x) 99.79 104.39 102.41 101.33 102.57 99.82 98.93 100.96 98.50 99.57 102.28 103.18 99.50 100.21 100.96
6.0x(1.319x) 99.09 98.40 99.30 101.10 101.92 100.02 98.07 100.29 97.03 100.38 100.88 99.76 87.63 99.73 98.82
8.0x(1.457x) 99.68 92.57 93.70 101.27 101.82 99.64 96.67 100.43 94.36 98.78 99.52 98.48 83.71 93.63 98.20
10.0x(1.598x) 98.91 86.07 87.96 100.39 98.73 99.70 96.55 99.61 93.43 99.72 100.21 98.34 78.39 90.06 94.86
12.0x(1.712x) 98.23 ✗ ✗ 98.63 90.36 99.60 ✗ 98.55 ✗ 99.42 98.87 97.56 ✗ ✗ ✗

14.0x(1.939x) 97.44 ✗ ✗ 95.11 82.95 100.30 ✗ 99.60 ✗ 99.77 99.61 96.26 ✗ ✗ ✗

16.0x(2.207x) 97.68 ✗ ✗ 94.67 81.01 96.36 ✗ 97.93 ✗ 99.71 97.95 95.45 ✗ ✗ ✗

Mistral-7B

1.0x(1.000x) 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
2.0x(1.060x) 101.15 100.07 101.37 99.45 100.27 100.10 99.38 100.03 99.72 99.00 109.54 100.16 99.26 99.48 100.64
4.0x(1.826x) 101.57 99.34 100.10 98.80 99.39 98.79 98.98 100.12 99.72 96.00 105.67 100.65 98.20 97.43 99.63
6.0x(1.995x) 101.94 98.10 100.09 96.47 96.66 96.42 98.21 99.48 98.65 94.50 101.34 100.16 96.83 96.29 98.22
8.0x(2.211x) 101.20 97.44 96.25 96.79 93.45 96.22 97.39 99.92 98.47 93.36 100.84 100.35 96.68 95.58 97.42
10.0x(2.199x) 99.06 93.64 84.73 93.61 91.73 95.66 96.63 97.02 97.20 91.58 99.69 100.51 94.03 93.15 93.07
12.0x(2.223x) 98.75 85.04 81.33 86.42 89.02 90.39 96.36 98.29 96.55 90.00 99.15 98.80 93.08 92.84 91.68

Since k ≪ d (typically k ≈ d/16 for 16× com-919

pression), the theoretical speedup ratio is approxi-920

mately d/k.921
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