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Abstract001

Large Language Models (LLMs) exhibit en-002
hanced capabilities by Chain-of-Thought rea-003
soning. However, the extended reasoning se-004
quences introduce significant GPU memory005
overhead due to increased key-value (KV)006
cache. Existing KV cache compression meth-007
ods mitigate memory bottlenecks but struggle008
in long reasoning tasks. In this paper, we ana-009
lyze attention patterns in reasoning tasks and010
reveal a Token Importance Recurrence phe-011
nomenon: a large proportion of tokens regain012
high attention after multiple decoding steps,013
which is failed to capture by existing works014
and may lead to unpredictable eviction on such015
periodically critical tokens. To address this, we016
propose LazyEviction, an observation window-017
based lagged eviction framework retaining la-018
tent recurring tokens by prioritized eviction019
based on tokens’ recurrence patterns. Extensive020
experiments demonstrate that LazyEviction re-021
duces KV cache by 50%~70% while maintain-022
ing comparable accuracy, outperforming exist-023
ing KV cache compression baselines.024

1 Introduction025

Large Language Models (LLMs) have emerged026

advanced capabilities in complex reasoning tasks027

by enabling Chain-of-Thought (CoT) to elicit step-028

by-step inference (Wei et al., 2022; Kojima et al.,029

2022). Recent advancements, such as OpenAI’s030

o1 (Jaech et al., 2024) and DeepSeekR1 (Guo et al.,031

2025), further demonstrate that scaling up CoT032

lengths from hundreds to thousands of reasoning033

steps could continuously improve LLM reasoning.034

However, the increased reasoning sequences intro-035

duce substantial memory and computational over-036

head. Due to the autoregressive nature of LLM037

decoding, longer CoT outputs lead to proportional038

increases in GPU memory for caching key-value039

(KV) states. These issues become particularly pro-040

nounced when reasoning sequences extend into041

thousands of reasoning tokens, resulting in signifi- 042

cant GPU memory costs. For example, in mathe- 043

matics (Cobbe et al., 2021; Hendrycks et al., 2021) 044

and programming tasks (Chen et al., 2021), the 045

reasoning sequences can grow up to 16k tokens, re- 046

sulting in more than 100GB KV cache with a batch 047

size of 32, which exceeds the memory capacity of 048

even high-end GPUs. 049

KV cache compression has emerged as a promis- 050

ing approach to alleviate the memory bottleneck 051

caused by increasing KV cache sizes. Unlike tra- 052

ditional long-context input tasks that focus on the 053

prefilling phase (Li et al., 2024; Cai et al., 2024; 054

Feng et al., 2024; Fu et al., 2024), long-reasoning 055

tasks perform long-context generation that requires 056

compression in multiple decoding steps. The crit- 057

ical challenge lies in compressing generated KV 058

caches while minimizing performance degradation. 059

Existing approaches mitigate this through selective 060

eviction strategies: early work (Xiao et al., 2023) 061

preserves subsets of recent and initial KV pairs, 062

while others (Oren et al., 2024; Chen et al., 2024; 063

He et al., 2025; Zhang et al., 2023; Adnan et al., 064

2024) leverage attention scores to prioritize critical 065

tokens and evict others, which can be further di- 066

vided into two types: (a) Current Attention-based 067

Eviction (Oren et al., 2024; Chen et al., 2024; He 068

et al., 2025) and (b) Cumulative Attention based 069

Eviction (Zhang et al., 2023; Adnan et al., 2024; 070

Ghadia et al., 2025; Hu et al., 2025). However, 071

as shown in Fig. 1, these works are greedy evic- 072

tion strategies at each decoding step, which discard 073

tokens deemed temporarily unimportant while over- 074

looking their potential future importance. 075

We empirically analyze attention patterns during 076

multi-step reasoning processes. Our investigation 077

reveals a frequent Token Importance Recurrence 078

(TIR) phenomenon: a large proportion of tokens 079

in reasoning tasks receive renewed attention after 080

multiple decoding steps. In this paper, we refer to 081

such tokens as recurring tokens, where the atten- 082
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Figure 1: Comparison of different KV Eviction methods. The dark squares represent that the token has a higher
attention score. (a) Current Attention-based Eviction executes stepwise evictions using immediate attention scores.
(b) Cumulative Attention-based Eviction integrates historical attention for eviction decisions. Both (a) and (b) fail
to preserve recurring tokens during their low-attention intervals. (c) LazyEviction performs lagged KV evictions
based on the observation window to detect latent recurring tokens and prevent prematurely discarding them.

tion score of recurring tokens may be low within083

an interval while suddenly increasing in the fu-084

ture. Empirical analysis demonstrates that these085

tokens typically involve conditional or summary086

information within reasoning chains, aligning with087

the capabilities in verification, backtracking, and088

summarization in reasoning models (Gandhi et al.,089

2025). The recurring tokens often contain informa-090

tion vital for later reasoning stages, and premature091

eviction of recurring tokens leads to catastrophic092

performance degradation. Crucially, existing KV093

compression methods usually fail to identify such094

tokens due to inherent limitations, thus risking pre-095

maturely discarding crucial tokens during reason-096

ing steps, ultimately sacrificing task accuracy.097

To address this challenge, we propose LazyEvic-098

tion, a novel Observation Window-based Lagged099

Eviction Mechanism. Instead of per-step greedy100

decisions, we perform lagged KV evictions at every101

W decoding steps to detect latent recurring tokens102

and prevent prematurely discarding them. There103

are two key components: (1) Recurrence Interval104

Tracking: we record each token’s Maximum Re-105

currence Interval (MRI) (i.e., the longest observed106

period between its attention spikes) to capture the107

temporal variation of token importance. (2) MRI-108

Centric Eviction Policy: we prioritize evicting109

tokens whose ∆T exceeds their MRI, where ∆T110

is the time elapsed since the token’s last important111

recurrence. Tokens with ∆T < MRI are retained112

as they still have the potential to become important113

in the future. LazyEviction shifts from step-wised114

greedy eviction to window-wised predictive reten-115

tion: by continuously tracking MRI and executing116

lagged eviction during observation windows, we117

can effectively detect latent recurring tokens and 118

prevent prematurely discarding them. To sum up, 119

our key contributions are: 120

• We observe token importance recurrence in 121

the reasoning task, where specific tokens ex- 122

hibit recurrent attention patterns. These re- 123

curring tokens often represent foundational 124

formulations or intermediate conclusions that 125

are crucial for maintaining knowledge conti- 126

nuity in multi-step reasoning. 127

• We propose LazyEviction, an observation 128

window-based lagged KV eviction scheme in- 129

tegrating recurrence interval tracking. Our 130

framework enables prediction of future to- 131

ken importance, thereby preventing premature 132

eviction of recurring tokens. 133

• We have implemented LazyEviction on the 134

latest large reasoning models ranging from 135

4B to 32B. It has been verified on multiple 136

reasoning datasets that our method can main- 137

tain comparable performance while reducing 138

50%~70% KV budget, surpassing the SOTA 139

KV cache compression methods. 140

2 Related Works 141

Various approaches have been developed to im- 142

prove LLM’s efficiency in handling long reasoning 143

tasks, which can be classified into three main cat- 144

egories: KV cache compression, reasoning path 145

compression, and system-level optimizations. 146

KV cache compression. Considering the inherent 147

sparsity of attention mechanisms, these works fo- 148

cus on retaining critical tokens’ KV pairs while 149
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evicting non-essential ones within constrained150

memory budgets. We summarize the existing151

works as follows:152

(1) Static-Position retention: StreamingLLM153

(Xiao et al., 2023) employs static retention of initial154

and recent tokens under fixed budgets. While sus-155

taining text coherence, their rigid retention policies156

cannot detect latent recurring tokens.157

(2) Current Attention-based Eviction: TOVA158

(Oren et al., 2024), NACL (Chen et al., 2024),159

and TreeKV (He et al., 2025) execute stepwise160

evictions using immediate attention scores. This161

myopic strategy fails to preserve recurring tokens162

during low-attention intervals.163

(3) Cumulative Attention-based Eviction: Scis-164

sorhands (Liu et al., 2023), H2O (Zhang et al.,165

2023), Keyformer (Adnan et al., 2024), and Mor-166

phKV (Ghadia et al., 2025) integrate tokens’167

historical attention values for eviction decisions.168

RaaS (Hu et al., 2025) extends this through dy-169

namic updated timestamp. These approaches still170

mistakenly regard latent recurring tokens as unim-171

portant due to continuous low historical scores.172

Recent works R-KV (Cai et al., 2025) and173

RPC (Song et al., 2025) utilize token similarity to174

identify and evict redundant tokens in long reason-175

ing tasks. Instead, LazyEviction directly focuses176

on the attention patterns in reasoning path. Our177

goal is to use the compressed KV cache to closely178

approximate the full KV attention map, ensuring179

the theoretical interpretability of performance.180

Long Reasoning Compression. Recent works181

have focused on compressing the output of reason-182

ing models. For instance, TALE (Han et al., 2024)183

and SoT (Aytes et al., 2025) adopt prompt engineer-184

ing to control the length of CoT outputs. Token-185

Skip (Xia et al., 2025) achieves output compression186

through fine-tuning on condensed CoT data. Infty-187

Think (Yan et al., 2025) and LightThinker (Zhang188

et al., 2025) equip models with summarization ca-189

pabilities to reduce tokens during the reasoning190

step. Distinctively, LazyEviction maintains the191

original output length of LLMs while enhancing192

memory and computational efficiency through op-193

timized KV cache usage, demonstrating compati-194

bility with these compression approaches.195

System-level Optimizations. By optimizing GPU196

memory usage and batch processing, vLLM (Kwon197

et al., 2023) and FlashDecoding (Hong et al., 2023)198

imporve both time and memory efficiency in de-199

coding. Additionally, QUEST (Tang et al., 2024)200

and OmniKV (Hao et al., 2025) store KV caches in201

CPU and dynamically schedule them during the de- 202

coding phase. Our method is based on an eviction 203

strategy that prioritizes the importance of tokens 204

in the future, and it is parallel and compatible with 205

the above methods. 206

3 Observations and Motivations 207

The goal of KV cache eviction is to identify and 208

evict KV pairs that are non-critical for future decod- 209

ing steps. To preserve the correctness of subsequent 210

decoding results, it is critical to retain tokens with 211

potential future importance. In this section, we first 212

analyze the previous works and observe attention 213

patterns in reasoning tasks. 214

Finding 1 Exiting works fail to reserve the
potentially important tokens during decod-
ing steps, thus exhibiting degraded perfor-
mance in long reasoning tasks.

215

We compare the performance of H2O (Zhang 216

et al., 2023) and TOVA (Oren et al., 2024) on rea- 217

soning tasks versus general long-context generation 218

tasks in Fig. 2(a), H2O and TOVA report competi- 219

tive performance on standard language modeling 220

dataset, but exhibit significant performance degra- 221

dation on GSM8K under the same KV cache com- 222

pression ratio. To diagnose this failure, we track 223

the positions of top-50% important tokens across 224

decoding steps in Fig. 2(b) and observe that tokens 225

critical in later steps are often missing in earlier 226

steps. Due to their low importance scores in inter- 227

mediate steps, these tokens are prone to premature 228

eviction in prior works. 229

Finding 2 Most tokens (>95%) exhibit re-
current attention patterns in multi-step rea-
soning tasks. Since they contain critical
information for the reasoning, prematurely
evicting may cause knowledge incontinuity.

230

We observe a prevalent phenomenon in reason- 231

ing tasks, where tokens initially exhibit strong at- 232

tention weights, receive low attention weights dur- 233

ing later decoding steps, and subsequently regain 234

attention after a certain decoding step interval, as 235

illustrated in Fig. 3(a), 1⃝– 6⃝. We define this phe- 236

nomenon as Token Importance Recurrence (TIR). 237

We select a sample from the MATH500 dataset 238

for visualization. We annotate the recurring tokens 239

1⃝– 6⃝ from Fig. 3(a) in both the input prompt and 240
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(a) (b)

Likely to be Prematurely Evicted !

~20%

Figure 2: (a) shows the performance degradation for SOTA Methods on reasoning tasks. With the same KV cache
compression ratio (e.g., 50%), compared with traditional language modeling tasks dataset PG-19 (Rae et al., 2019),
the performance of both H2O and TOVA has decreased by ~20% on GSM8K dataset. (b) is the visualization of the
importance variation by selecting Top-50% important tokens. Tokens at the same position show different importance
at different decoding steps.

“prompt”: “<｜begin▁of▁sentence｜
><|start_header_id|>user<|end_header_id|>\n\nPlease reason 
step by step, and put your final answer within \\boxed{}.\nHalf 
the value of $3x-9$ is $x+37$. What is the value of 
$x$?\n<｜end_of_sentence｜> 
<|start_header_id|>assistant<|end_header_id|>\n\n "
"model_output": "</think>\n\nLet's solve the equation step by 
step.\n\nWe are given that half the value of \\(3x - 9\\) is equal 
to \\(x + 37\\). This can be written as:\n\n\\[\n\\frac{1}{2}(3x -
9) = x + 37\n\\]\n\n**Step 1:** Multiply both sides of the 
equation by 2 to eliminate the fraction.\n\n\\[\n3x - 9 = 2(x + 
37)\n\\]\n\n**Step 2:** Distribute the 2 on the right 
side.\n\n\\[\n3x - 9 = 2x + 74\n\\]\n\n**Step 3:** Subtract 
\\(2x\\) from both sides to get the variable terms on one 
side.\n\n\\[\n3x - 2x - 9 = 74\n\\]\n\n\\[\nx - 9 = 
74\n\\]\n\n**Step 4:** Add 9 to both sides to isolate 
\\(x\\).\n\n\\[\nx = 74 + 9\n\\]\n\n\\[\nx = 83\n\\]\n\n**Final 
Answer:** The value of \\(x\\) is \\(\\boxed{83}\\)."

(a) (c)













(b)

Figure 3: Visualization of TIR. We observe attention maps across different heads of DeepSeek-R1-Distill-Llama-8B.
We find most tokens(>95%) show TIR pattern. (a) and (b) show an attention map with recurring tokens and their
corresponding positions. (c) statistically analyzed the MRI distribution in different models among different tasks.

output CoT shown in Fig. 3(b). These recurring241

tokens contain critical information required for rea-242

soning steps, such as the initial problem conditions243

(tokens 1⃝) in the prompt, which are repeatedly ref-244

erenced in subsequent reasoning steps. Addition-245

ally, intermediate results (tokens 3⃝– 6⃝) generated246

during reasoning are reactivated in later steps.247

To further validate the generality of this phe-248

nomenon, we measured the Maximum Recurrence249

Interval (MRI) — the longest period between con-250

secutive re-activations of a token — across multiple251

reasoning models on the GSM8K and MATH500252

datasets. Results show that over 95% of tokens ex-253

hibit importance recurrence (MRI > 1), confirming254

its ubiquity in reasoning tasks (Fig. 3(c)).255

Finding 3 Most recurring tokens’ MRI is
far smaller than the output length and can
be detected via an observation window.

256

As shown in Fig. 3(c), we statistically analyzed257

the MRI distribution in different models among 258

different tasks. As the output length of the model 259

increases, the MRI gradually becomes larger, but 260

most tokens’ MRI remian relatively small. For ex- 261

ample, the output length of Qwen model on the 262

MATH500 dataset can reach 8k, but we have sta- 263

tistically found that 80% tokens’ MRI are less than 264

175. Therefore, as long as the window size exceeds 265

the MRI of most tokens, the majority of recurring 266

tokens will be identified. This finding motivates 267

our design of the observation window-based lagged 268

eviction mechanism. 269

4 LazyEviction 270

In this section, we introduce our LazyEviction, a 271

novel framework of Observation Window-based 272

Lagged Eviction. We first model LazyEviction 273

as a multi-step dynamic optimization problem in 274

Appendix D. Unlike existing works that perform 275

KV eviction decisions at every decoding step, our 276

LazyEviction adopts a window size W as the in- 277
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Figure 4: Overview of our proposed LazyEviction Framework, where the dark squares represent that the token
has a relatively higher attention score. (a) LazyEviction performs eviction decisions at intervals of W steps. The
workflow contains two key operations: (b) Dynamic MRI Tracking according to updated important timestamps, and
(c) MRI-Centric Scoring during decision phases, where tokens predicted to be critical for future steps are retained.
(d) The MRI-Centric Score fundamentally predicts future token importance by analyzing historical patterns of
importance variation (i.e., MRI and the time elapsed since their latest timestamp).

terval for KV eviction decisions. As illustrated in278

Fig. 4(a), during decision-making, LazyEviction279

always retains the most recent W KVs to preserve280

local coherence. When the number of KVs exceeds281

the predefined budget B(B ≫ W ), LazyEviction282

executes KV eviction. The overall procedure of our283

LazyEviction is summarized in Appendix. B.284

To select B −W KV pairs from past caches to285

retain, LazyEviction tracks importance variations286

(i.e., MRI) of each token at every decoding step287

(Recurrence Interval Tracking). For eviction de-288

cisions, importance scores, which are defined to289

indicate tokens’ potential future importance, are290

calculated based on MRI. Consequently, LazyE-291

viction selectively retains only the tokens in the292

KV cache most likely to be critical in the future293

(MRI-Centric Eviction).294

Recurrence Interval Tracking. To identify im-295

portance variations for recurring tokens, we employ296

timestamps to track each token’s time of being im-297

portant. Consistent with RaaS (Hu et al., 2025),298

whenever a token receives an attention score ex-299

ceeding a threshold α, its latest timestamp is up-300

dated to the value of current decoding step t. Thus,301

during the whole decoding phase, LazyEviction302

dynamically maintains a timestamp vector TSt for303

all retained tokens, which records only the most304

recent activation time of tokens (illustrated in the305

leftmost figure in Fig. 4(b)).306

However, only relying on TSt fails to capture307

the temporal patterns of Importance Recurrence.308

To address this, we introduce MRI to record the309

longest interval between two consecutive activa-310

tions in history. For newly generated tokens, MRI 311

is initialized to 0. The MRI value is updated as: 312

MRIt = max{MRIt−1,TSt −TSt−1}. (1) 313

MRI-Centric Eviction. When the size of cached 314

KV pairs |St| exceeds B, KV eviction are triggered 315

at periodic intervals t = kW (k ∈ N+). Lever- 316

aging the tracked historical importance dynamics 317

via MRIt−1 and TSt. We aim to predict each 318

token’s future importance using an MRI-Centric 319

Importance Score. As illustrated in Fig 4(d), the 320

importance score should be designed under the fol- 321

lowing two intuitive heuristics: 322

1. H1-score: Given a token i, if the time 323

elapsed since its last activation (t − TSt[i]) 324

is greater than its MRIt[i], the possibility 325

of token i to be important in the future 326

will decrease. The larger t−TSt[i]
MRIt[i]

, the less 327

likely token i is important. Thus, we de- 328

fine H
(1)
t [i] = 2σ(− t−TSt[i]

MRIt[i]
), where σ(x) = 329

1/(1 + exp(−x)) is sigmoid function. 330

2. H2-score: Tokens with smaller MRI val- 331

ues have a higher possibility to be impor- 332

tant in the future, as frequently recurring to- 333

kens are deemed more critical. Thus, we de- 334

fine H
(2)
t [i] = 2σ(− 1

MRIt[i]−1). Notably, if 335

MRIt[i] = 0, the token has never been acti- 336

vated since its generation (MRI is initialized 337

as 0), resulting in H
(2)
t [i] = 0, ifMRIt[i] = 0. 338

H1-Score reflects the likelihood of the token 339

regaining importance within the next observation 340
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window, while H2-Score prioritizes tokens with341

smaller MRI values. We discuss the importance342

of these two score functions in Sec 5.3, and ex-343

plain the rationale behind the formulation of each344

function in Appendix D. Thus, the MRI-Centric345

Importance Score can be formalized as:346

It[i] =

{
H

(1)
t [i] +H

(2)
t [i], ifMRIt[i] ̸= 0

H
(1)
t [i], ifMRIt[i] = 0

(2)347

For each eviction decision, we first compute It348

with Eq. 2, then retain the most recent W and349

Top(B−W) KV pairs with the highest scores.350

Notably, LazyEviction strategy introduces ad-351

ditional computational overhead, which may af-352

fect inference efficiency. We analyze this in Ap-353

pendix E through both theoretical analysis and em-354

pirical evaluation. We point out that LazyEviction355

mitigates additional costs by making eviction de-356

cisions at fixed intervals rather than continuously.357

This W -steps eviction mechanism results in signif-358

icantly lower overhead compared to existing KV359

compression methods. Moreover, since LazyEvic-360

tion limits the KV budget during decoding steps,361

as the number of generated tokens increases, the362

computational efficiency does not grow linearly363

like it does with Full KV. When the generated to-364

kens reach 16k, the overall inference efficiency of365

LazyEviction surpasses Full KV.366

Disscussion about the choice of W and α. In367

LazyEviction, the observation window with size368

W represents the "safety buffer" for recurring to-369

kens. Since critical tokens often go dormant for a370

specific number of steps before being reactivated,371

W is empirically set to cover the "dormant period"372

(MRI) of the majority of recurring tokens, prevent-373

ing them from being evicted right before they are374

needed again. We employ the observation from375

Fig. 3(c), setting W as the MRI threshold corre-376

sponding to the 80% tokens. This threshold can377

be statistically determined through offline analysis378

by randomly selecting 1% samples from the test379

datasets. Our experiments in Appendix G.1 analyze380

how W affects reasoning performance.381

The threshold α serves as a noise filter for the382

sparse attention mechanism, which distinguishes383

"active attention signals" from "background noise,"384

ensuring that we only update timestamps for to-385

kens that are genuinely being attended to. As386

the methodology for determining α has been thor-387

oughly discussed in RaaS (Hu et al., 2025), we388

directly adopt their approach in LazyEviction. We 389

analyze the effect of setting different α in Ap- 390

pendix G.2. 391

5 Experimental Results 392

In this section, we adopt variants of the 393

DeepSeek-R1 distilled model (Guo et al., 2025): 394

DeepSeek-R1-Distill-Llama-8B (DS-Llama-8B) 395

and DeepSeek-R1-Distill-Qwen-7B (DS-Qwen- 396

7B), and Qwen-series reasoning model: Qwen3- 397

4B (Yang et al., 2025) and QwQ-32B (Team et al., 398

2024). The evaluations are carried on five reason- 399

ing benchmarks from three different domains, in- 400

cluding mathematical reasoning (GSM8K (Cobbe 401

et al., 2021), MATH-500 (Hendrycks et al., 2021), 402

AIME (AIME)), Science QA (GPQA Diamond 403

(Rein et al., 2024)) and programming (Live- 404

CodeBench (Jain et al., 2024)). 405

We compare LazyEviction with FullKV and four 406

representative KV cache compression methods, in- 407

cluding TOVA (Oren et al., 2024), H2O (Zhang 408

et al., 2023), CAKE (Qin et al., 2025), RaaS (Hu 409

et al., 2025), and R-KV (Cai et al., 2025). We 410

use the KV compression ratio r to denote the KV 411

cache budget across different baselines, where r 412

represents the proportion of KV cache usage rela- 413

tive to FullKV. More implementation details can 414

be found in Appendix C. 415

5.1 Performance Comparison with Baselines 416

Table 1 and Table 2 present a comprehensive perfor- 417

mance comparison of our LazyEviction and base- 418

lines. The results demonstrate that LazyEviction 419

consistently outperforms other methods across all 420

datasets, achieving performance comparable to the 421

baseline FullKV with minimal deviation. In mathe- 422

matical reasoning tasks, LazyEviction achieves per- 423

formance close to FullKV with only 30%~50% KV 424

budgets. Additionally, LazyEviction also achieves 425

the best performance across GPQA Diamond and 426

LiveCodeBench datasets, demonstrating its appli- 427

cability among different domain tasks. It is worth 428

noting that even though R-KV achieves perfor- 429

mance close to LazyEviction in mathematical rea- 430

soning tasks, its performance significantly declines 431

on other datasets. This is due to R-KV’s exces- 432

sive reliance on the assumption that there are many 433

similar tokens present in the reasoning path. In 434

other tasks, similar tokens are not as prevalent as 435

in mathematical tasks. 436
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Table 1: Performance of our LazyEviction compared
with baselines on mathematical reasoning dataset with
DS-Llama-8B, DS-Qwen-7B, Qwen3-4B and QwQ-
32B. The best results among all methods are in bolded.

Methods DS-Llama DS-Qwen Qwen3 QwQ

GSM8K (Compression Ratio r = 50%)

FullKV 81.73 89.92 93.32 95.61

RaaS 78.01 85.37 90.22 84.31
H2O 77.16 87.04 88.47 89.23
TOVA 72.25 80.52 85.13 72.10
CAKE 78.29 64.43 76.08 67.42
R-KV 78.69 88.33 91.65 93.63
Ours 80.06 88.40 91.50 93.48

MATH-500 (Compression Ratio r = 50%)

FullKV 74.8 86.0 87.2 87.2

RaaS 71.2 82.4 84.0 80.4
H2O 67.2 80.4 79.6 80.4
TOVA 69.6 74.8 77.6 70.4
CAKE 53.8 59.2 62.8 54.6
R-KV 73.2 83.6 83.4 85.2
Ours 75.2 85.4 85.8 85.4

AIME (Compression Ratio r = 30%)

FullKV 30.0 46.7 60.0 73.3

RaaS 23.3 36.7 46.7 53.3
H2O 26.7 33.3 40.0 53.3
TOVA 23.3 36.7 40.0 36.7
R-KV 26.7 43.3 46.7 56.7
Ours 30.0 43.3 53.3 66.7

Trade-off between Accuracy and KV Cache.437

We evaluate the performance of LazyEviction in438

optimizing the trade-off between KV cache budget439

and accuracy compared to baselines. As shown440

in Fig. 5, our method maintains higher accuracy441

across various budgets for both datasets and mod-442

els. When the cache budget is large, other methods443

perform slightly worse than our approach. How-444

ever, with a smaller cache budget, other methods445

experience substantial accuracy degradation. By446

implementing lagged KV eviction and leveraging447

MRI to track recurring tokens, our approach con-448

sistently achieves optimal performance, even under449

stringent budget constraints. Notably, on MATH-450

500 and AIME datasets, LazyEviction even outper-451

formed FullKV’s performance while reducing the452

KV cache budget by 50%.453

5.2 Memory Efficiency of LazyEviction454

We evaluate different methods on DS-Qwen-7B455

model, analyzing their KV cache memory usage456

variation with output length. As shown in Fig. 6,457

the memory consumption of FullKV increases lin-458

early with the number of tokens. In contrast, the459

Table 2: Performance of our LazyEviction compared
with baselines on GPQA Diamond and LiveCodeBench
with DS-Llama-8B and DS-Qwen-7B. The best results
among all methods are in bolded.

Methods DS-Llama-8B DS-Qwen-8B

GPQA Diamond (r = 50%)

FullKV 37.4 55.7

RaaS 29.9 45.4
H2O 26.8 42.1
TOVA 30.9 44.3
R-KV 28.2 41.2
LazyEviction 36.9 54.6

LiveCodeBench (r = 40%)

FullKV 58.62 55.17

RaaS 53.45 39.66
H2O 53.45 50.00
TOVA 51.72 29.31
R-KV 48.28 46.55
LazyEviction 56.90 51.72

Table 3: Baseline algorithms with observation window
mechanism, evaluating on the GSM8K dataset using
DS-Llama-8B with r = 50% and W = 25.

Model DS-Distill-Llama-8B

LazyEviction 80.06

H2O 77.16
+ window 78.88 (+1.72)

TOVA 72.25
+ window 76.09 (+3.84)

RaaS 78.01
+ window 78.92 (+0.91)

memory usage of TOVA, H2O, and RaaS methods 460

remains constant once the token count exceeds the 461

budget. LazyEviction, with the observation win- 462

dow mechanism, exhibits minor fluctuations in KV 463

cache memory usage after surpassing the budget, 464

but Fig. 6 indicates that its memory growth is mini- 465

mal compared to the other three algorithms. 466

5.3 Ablation Study 467

Lagged Eviction with an Observation Window 468

Since our method retains a slightly increased num- 469

ber of KV pairs within the observation window, 470

which may lead to the perceived performance gains 471

being predominantly attributed to these additional 472

tokens. To eliminate the impact of the additional 473

tokens within observation window, we explore 474

the other algorithms with the observation window 475

mechanism on performance. As shown in Table 3, 476

when H2O, TOVA, and RaaS algorithms perform 477
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Figure 5: Trade-off between accuracy and KV Cache among different datasets and models.
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Figure 6: KV cache memory usage of different methods
with varying output length (0-8k tokens).

KV eviction every W decoding steps, their perfor-478

mance improves. This improvement arises from the479

linear increase in retained KV pairs between con-480

secutive decision decoding steps. However, their481

performance remains inferior to that of LazyEvic-482

tion. LazyEviction employs MRI to track recurring483

tokens, effectively capturing their potential future484

importance, which leads to superior performance.485

The Discussion of the Importance Score We486

further investigate the influence of MRI-Centric Im-487

portance Score, as shown in Table 4. If the impor-488

tance score It calculation excludes the H1-Score,489

accuracy significantly decreases, underscoring the490

effectiveness of the recurrence interval tracking491

mechanism. Similarly, omitting the H2-Score492

leads to a slight accuracy drop, indicating that to-493

Table 4: Performance with different importance scores.

Model DS-Llama-8B DS-Qwen-7B

LazyEviction 80.06 88.40

w/o the H1-Score 76.11 (-3.95) 82.78 (-5.62)
w/o the H2-Score 79.67 (-0.39) 87.21 (-1.19)

kens with smaller MRI values are indeed more 494

likely to become important in the future. Collec- 495

tively, these findings demonstrate the effectiveness 496

of LazyEviction’s MRI-Centric Eviction Policy. 497

6 Conclusion 498

In this work, we address the critical bottleneck 499

of KV cache memory overhead in long reasoning 500

tasks. Our analysis reveals the Token Importance 501

Recurrence phenomenon, where certain significant 502

tokens receive renewed attention after multiple de- 503

coding steps. Based on this insight, we propose 504

LazyEviction, a novel lagged eviction framework 505

that introduces temporal observation windows, re- 506

currence interval tracking, and an MRI-centric evic- 507

tion policy to preserve recurring tokens while dy- 508

namically reducing memory usage. Experimen- 509

tal results show that LazyEviction achieves perfor- 510

mance close to or outperforms FullKV with only 511

30%~50% KV budgets, highlighting the impor- 512

tance of preserving recurring tokens on maintaining 513

knowledge continuity in reasoning tasks. By shift- 514

ing from greedy eviction to predictive retention, 515

our work provides a new paradigm for efficient KV 516

cache compression in long reasoning scenarios. 517
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Limitations518

Dynamically Adjusting in Observation Window519

Size. We discuss in Appendix G.1 that the suit-520

able observation window size is crucial for identi-521

fying recurring tokens. In Sec. 3, we find that the522

MRI distribution of recurring tokens varies across523

different models and tasks. Therefore, we propose524

to offline select 1% of samples to pre-statistically525

analyze the MRI distribution to determine the ob-526

servation window size. However, this approach is527

inefficient and sub-optimal in practice. Thus, dy-528

namically and adaptively adjusting the observation529

window based on task characteristics will be an im-530

portant direction for improvement in LazyEviction531

in the future.532

While our current experiments utilize offline533

MRI statistics to determine the observation window534

size W , we emphasize that the selection of W is535

a replaceable component within the LazyEviction536

paradigm, rather than a theoretical constraint. The537

core contribution of this work is the identification538

of the TIR phenomenon and the lagged eviction539

framework. The offline statistic is merely one im-540

plementation to estimate the recurrence interval.541

For real-world deployments where offline test542

data is unavailable or data leakage is a concern,543

our framework supports flexible adaptation strate-544

gies: (1) Calibration Set: In practice, W can be545

determined using a small validation set or synthetic546

prompts without accessing the test data, as MRI547

reflects general model-task dynamics. (2) Online548

Cold-Start: We propose an online cold-start strat-549

egy where the system initially employs a conser-550

vative window for the first few requests to profile551

the MRI distribution in the background. As demon-552

strated in Appendix G.3, reliable statistics can be553

gathered within minutes, allowing the system to up-554

date to an optimal W dynamically. This completely555

eliminates the dependency on offline statistics and556

ensures zero data leakage.557

Evaluation Beyond Reasoning Tasks. Although558

we have conducted experiments on tasks from dif-559

ferent domains, our evaluation is still limited to560

reasoning tasks. This is because the core finding561

of this paper, the Token Importance Recurrence, is562

particularly significant in reasoning scenarios. We563

attempt to investigate TIR in non-reasoning scenar-564

ios. For example, we use Llama-3.1-8B-Instruct1 to565

1https:https://huggingface.co/meta-llama/Llama-3.1-8B-
Instruct

analyze the MRI distribution on the language mod- 566

eling dataset C42. The results show that although 567

TIR also exists, recurring tokens have a relatively 568

smaller MRI (<10). In this case, the performance of 569

LazyEviction is not significantly different from that 570

of Cumulative Attention-based Eviction methods 571

(e.g., H2O, RaaS). Therefore, we clarify that the 572

observations and methods presented in this paper 573

are more applicable to reasoning scenarios. 574

Evaluation on Larger Scale Models. Our exper- 575

iments cover reasoning models ranging from 4B 576

to 32B in size. However, due to limitations in the 577

experimental environment, we have not explored 578

larger scale models, such as Qwen3-Max and 579

DeepSeek-R1. Inference on models at the 100B 580

level is extremely time- and resource-consuming. 581

For example, evaluating 500 samples MATH-500 582

with DeepSeek-R1 requires days on 8 A100 GPUs. 583

Nonetheless, we believe that our core finding, the 584

Token Importance Recurrence phenomenon, and 585

the importance of preserving recurring tokens exist 586

across all reasoning models, and we will extend 587

our experiments to more models in the future. 588
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A Mathematical Formulation of 800

LazyEviction 801

Suppose the sequence length is Nt at decoding step 802

t. We denote Qi, Ki and Vi as the query, key and 803

value vectors of the i-th token. The attention output 804

at the decoding step t can be formulated as: 805

At(QNt ,K,V) = Softmax

(
QNtK

T

√
dh

)
V,

(3) 806

where K = [K1, ...,KNt ] ∈ RNt×dh , V = 807

[V1, ...,VNt ] ∈ RNt×dh and dh is the head di- 808

mension. We define St as the set of the KV pairs 809

(Ki,Vi) for all the previous tokens i < Nt cached 810

in GPU memory at decoding step t. Since the size 811

of K and V grows linealy with the decoding step 812

t, current methods try to evict the unimportant KV 813

pairs from St at each step t. Unlike the previous 814

KV compression methods, we make KV eviction 815

decisions at decoding step t = kW (k ∈ N+). De- 816

note S∗
t as the optimal KV pairs selected from St 817

under the cache budget B. Thus, the KV eviction 818

problem can be formulate as: 819

S∗
t = argmin

|S′
t|=B,S′

t⊆St

820∥∥At(QNt ,K,V)−A′
t(QNt ,K

′,V′,S ′
t)
∥∥
2

(4) 821

where K′ and V′ are selected KV pairs given by 822

S ′
t, A

′
t is the attention output computed by Eq. 3 823
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after KV eviction. To minimize the effect of the824

KV eviction process, our goal is to find the optimal825

S∗
t to minimize the change in attention output.826

It is intractable to directly solve Eq. 4 because827

of its combinatorial nature. We design a heuris-828

tic method to efficiently find the suboptimal so-829

lution for S∗
t . First, as emphasized in previous830

works (Xiao et al., 2023; Zhang et al., 2023; Gha-831

dia et al., 2025), retaining recent tokens is critical to832

ensuring coherence in the generated context. And833

to observe the importance variations of the newly834

generated tokens, we consistently preserve the lat-835

est W KV pairs. Second, among the remaining past836

KVs, we retain B − W KV pairs by prioritizing837

tokens most likely to exhibit importance recurrence838

in future steps. This selection is guided by an auxil-839

iary score vector It, which quantifies the potential840

future importance of tokens. Formally, our eviction841

policy is defined as:842

S ′
t = Top[B−W](It) ∪Wt (5)843

where Top[k](·) represents the selection of top-k844

entries (KV pairs) from St and Wt is the set of the845

most W recent KV pairs in St.846847

Algorithm 1 LazyEviction

Require: At, K, V, W , B, α, t.
1: for All token i do
2: if At[i] >= α then
3: Update TSt[i] = t.
4: end if
5: end for
6: Update MRIt according to Eq. 1.
7: Calculate It according to Eq. 2.
8: if t == kW and B >= |K| then
9: Update KV pairs according to Eq. 5.

10: end if
11: return S ′

t.

848

B Overall Procedure of LazyEviction849

We provide the pseudo-code of LazyEviction in850

Algorithm. 1, which contains Recurrence Interval851

Tracking at each step t and MRI-Centric Evic-852

tion at the decoding step t = kW (k ∈ N+). Thus,853

Lazyeviction tasks the current decoding step t, ob-854

servation window size W , cache budget B, α, and855

At, K, V as input.856

C Experiment Setup857

Models and Datasets By fine-tuning with CoT858

data generated by DeepSeek-R1, even smaller dis-859

tilled models can acquire long-reasoning capabil- 860

ities similar to DeepSeek-R1 (Guo et al., 2025). 861

Thus, we first adopt DeepSeek-R1-Distill-Llama- 862

8B and DeepSeek-R1-Distill-Qwen-7B as the base 863

models for evaluating KV cache compression. In 864

addition, to validate the effectiveness of LazyEvic- 865

tion across a broader range of model types, we also 866

utilize additional Qwen-series reasoning models 867

with different sizes: Qwen3-4B (Yang et al., 2025) 868

and QwQ-32B (Team et al., 2024). 869

The evaluations are mainly carried on three 870

widely used mathematical reasoning bench- 871

marks: GSM8K(Cobbe et al., 2021), MATH- 872

500(Hendrycks et al., 2021) and AIME (AIME). 873

GSM8K is a high-quality, linguistically diverse 874

dataset of elementary-level math problems requir- 875

ing multi-step reasoning and basic arithmetic op- 876

erations to solve. MATH-500 contains 500 chal- 877

lenging problems drawn from high school math 878

competitions, spanning domains such as algebra, 879

geometry, and number theory. AIME is a math 880

problem dataset collected from the American In- 881

vitational Mathematics Examination, designed to 882

challenge the most exceptional high school mathe- 883

matics students in the United States. 884

Besides mathematical reasoning benchmarks, 885

we also adopted reasoning benchmarks from other 886

domains to validate the generalization of LazyE- 887

viction across different domain tasks. Specifi- 888

cally, GPQA Diamond (Rein et al., 2024) is a 889

multiple-choice science QA dataset covering the 890

fields of biology, physics and chemistry, while Live- 891

CodeBench (Jain et al., 2024) is an advanced evalu- 892

ation benchmark (1116 samples) used to rigorously 893

assess the code processing capabilities of LLMs. 894

Since it may cost days to evaluate the entire bench- 895

mark, we randomly sample 5% data (58 samples) 896

from the dataset for evaluation. 897

Baselines To validate the performance of LazyE- 898

viction, we compare it against Full Cache and three 899

representative KV cache compression methods, in- 900

cluding TOVA (Oren et al., 2024), which retains 901

tokens with the highest attention scores at each 902

decoding step; H2O (Zhang et al., 2023), which 903

preserves heavy hitter tokens (identified by cumu- 904

lative attention scores) and recent tokens during 905

decoding; RaaS (Hu et al., 2025), which selects to- 906

kens with the newest timestamps at every decoding 907

step; and R-KV (Cai et al., 2025), which utilize 908

the similarity among tokens to identify and evict 909

redundant tokens in long reasoning tasks. 910
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Implementation Details We implement LazyE-911

viction in HuggingFace transformers library (Wolf912

et al., 2020) to integrate it into the existing attention913

mechanism. We set the observation window size914

equal to the value of 80% MRI threshold based915

on the preliminary observations (Fig. 3(c)), and916

the number of recent tokens in H2O is equal to917

LazyEviction’s window size. Unless stated other-918

wise, we set α = 0.0005 for DS-Llama-8B model919

and α = 0.0001 for DS-Qwen-7B, Qwen-4B and920

QwQ-32B models. Experiments are conducted on921

NVIDIA V100 (32GB) GPUs. We use Ubuntu922

20.04 with Linux kernel 6.8.0 and CUDA 12.8.923

The maximum number of generated tokens are set924

as 4096 for GSM8K dataset, 8192 for MATH-500925

and GPQA datasets, 16384 for AIME and Live-926

CodeBench datasets, respectively.927

D Discussion about formulations of the928

importance score.929

As illustrated in Sec 4, both H1-score and H2-score930

are formulated by sigmoid functions. The choice of931

the formulations have been thoroughly considered,932

where the score function must possess the follow-933

ing two properties: (1) The score function needs to934

have a monotonically decreasing property; (2) The935

score values must fall within the range of [0, 1]. For936

functions that meet these criteria, we have tried ex-937

ponential, logarithmic, inverse, sigmoid, and tanh938

functions. In preliminary experiments, we found939

that the sigmoid function yielded the most stable940

results and was more concise in form, leading us941

to define the importance score in Sec 4.942

We evaluated different combinations of H1 and943

H2 score functions on the GSM8K and MATH-500944

datasets. As shown in Table 5, each function forms945

perform very similarly. Among them, the sigmoid946

functions achieves a better and stable performance.947

Therefore, we adopt sigmoid function for H1-score948

and H2-score.949

E Computational Cost of LazyEviction950

It is important to notice that LazyEviction intro-951

duces additional computational overhead, which952

may affect inference efficiency. Therefore, it is953

necessary to analyze the additional computational954

introduced by LazyEviction. We first clarify that955

all KV eviction strategies inherently incur compu-956

tational overhead, as they require decision-making957

at each decoding step. However, LazyEviction958

mitigates this cost by performing eviction deci-959

Table 5: Measurement of average decoding latency and
throughput for LazyEviction compared with baselines.

H1-score H2-score

GSM8K

Initial Sigmoid: 88.40 Sigmoid: 88.40

Change to Exp: 88.25 (-0.15) Exp: 88.25 (-0.15)
Tanh: 88.25 (-0.15) Tanh: 88.33 (-0.07)
Log: 88.40 (-) Log: 88.33 (-0.07)
Inverse: 88.40 (-) Inverse: 88.40 (-)

MATH-500

Initial Sigmoid: 85.4 Sigmoid: 85.4

Change to Exp: 85.2 (-0.2) Exp: 85.4 (-)
Tanh: 85.2 ((-0.2) Tanh: 84.2 (-0.8)
Log: 85.0 (-0.4) Log: 84.8 (-0.6)
Inverse: 85.0 (-0.4) Inverse: 85.2 (-0.2)

sions at fixed intervals, rather than continuously. 960

This W -steps eviction mechanism leads to signifi- 961

cantly lower overhead compared to baseline meth- 962

ods, which we will demonstrate through both theo- 963

retical analysis and empirical evaluation. 964

E.1 Theoretical Analysis of Computational 965

Complexity 966

Unlike existing works that perform KV eviction de- 967

cisions at every decoding step, LazyEviction’s Ob- 968

servation Window-based Lagged Eviction adopts 969

a window W as the interval for KV eviction deci- 970

sions. Therefore, we analyze computational com- 971

plexity over W decoding steps. All KV cache 972

eviction algorithms can be divided into two steps: 973

importance score calculation and importance rank- 974

ing. We only consider the additional computational 975

overhead, where the computation of attention pro- 976

cess is not involved. Given a KV cache budget B, 977

the comparison between LazyEviction and baseline 978

methods is shown in Table 6. 979

Table 6: Computational complexity for each eviction
algorithms within one window.

Method Computational Complexity

H2O O[W (B +BlogB)]
TOVA O(WBlogB)
RaaS O[W (B +BlogB)]
LazyEviction O(WB +BlogB)

Here, BlogB is the computational complexity of 980

a single importance ranking. Compared to LazyE- 981

viction, baseline methods require W importance 982

rankings within W steps. For importance score 983

calculation, LazyEviction, like other baseline meth- 984
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ods, requires a finite number of computations for985

B KV pairs (Eq 1 MRI updating and Eq 2 Impor-986

tance score calculating). Since W ≫ 1, the com-987

putational overhead of LazyEviction is minimal988

compared to baseline methods.989

E.2 Experimental Computational Overhead990

Measurement991

Single-Step Decoding Latency and Trade-offs.992

We evaluate the single-step decoding latency to993

analyze the trade-off between the computational994

overhead introduced by LazyEviction and the ef-995

ficiency gains from KV cache compression. The996

experiment involves generating a sequence of up997

to 64k tokens.998

As shown in Fig 7, FullKV exhibits a linear999

growth in latency as the sequence length increases,1000

eventually leading to Out-Of-Memory (OOM) er-1001

rors at 64k tokens. In contrast, LazyEviction1002

demonstrates only a slight increase in latency once1003

the KV cache reaches the predefined budget B.1004

When the generated sequence length is smaller1005

than the cache budget (t < B), LazyEviction in-1006

curs a marginal computational overhead compared1007

to FullKV (e.g., generated token count=2K and1008

4K). This is because LazyEviction performs MRI1009

tracking and timestamp updates at every step to1010

learn attention patterns, even though no eviction is1011

triggered yet. We consider this a necessary cost to1012

ensure accurate identification of recurring tokens.1013

Once the sequence length exceeds the budget1014

(t > B), the benefits of LazyEviction become ev-1015

ident. While FullKV’s latency continues to grow1016

unboundedly, LazyEviction maintains a nearly con-1017

stant latency. This confirms that LazyEviction is1018

particularly advantageous for memory-constrained1019

scenarios where preventing OOM and curbing la-1020

tency growth is prioritized over short-sequence1021

speed.1022

Average Decoding Latency and Throughput1023

We illustrate that LazyEviction introduces the least1024

additional computational overhead by comparing1025

average decoding latency and throughput. In practi-1026

cal LLM serving, the most effective way to increase1027

throughput is to maximize the batch size. Since1028

FullKV fills GPU memory rapidly with long rea-1029

soning chains (up to 16k tokens), it forces small1030

batch sizes, creating a memory bottleneck. To1031

demonstrate the practical efficiency of LazyEvic-1032

tion, we conducted a experiment measuring Maxi-1033

mum Throughput under memory-constrained set-1034
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Figure 7: Measurement of single-step decoding latency
(ms) under different KV cache budgets. LazyEviction
maintains constant latency after the cache is full, pre-
venting the unbounded growth seen in FullKV.

tings, i.e., Single NVIDIA V100 (32GB). 1035

We increased the batch size for each method un- 1036

til reaching the GPU memory limit. As shown in 1037

Table 7, when the batch size increases, FullKV is 1038

firstly constrained by the memory bottleneck. How- 1039

ever, due to the lower KV budgets, LazyEviction 1040

can support a larger batch size, which achieves 1041

2.37x to 4.28x the throughput of FullKV. Even 1042

though LazyEviction has a small computational 1043

overhead, this is vastly outweighed by the paral- 1044

lelization gains. 1045

Table 7: Measurement of average decoding latency and
throughput for LazyEviction. (Max Generation Length
= 16K tokens)

Budget Batch size Throughput
(token/s) ↑

Avg. Latency
(ms/token) ↓

FullKV

- 1 47.61 21.00
- 5 (max) 90.25 11.08

LazyEviction

8192 1 48.64 20.56
8192 9 (max) 213.54 4.68
4915 16 (max) 386.25 2.59

F Generalizability to General Long-form 1046

Generation Scenarios 1047

While the main text primarily focuses on reasoning- 1048

intensive tasks (e.g., Math, Coding) where long- 1049

range dependencies and backtracking are most 1050

prominent, LazyEviction is fundamentally de- 1051

signed as a general framework for Long-form Gen- 1052

eration. In this section, we extend our evaluation 1053

to mainstream QA and long-document summariza- 1054

tion tasks to demonstrate the ubiquity of the Token 1055

Importance Recurrence (TIR) phenomenon and the 1056
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robustness of our approach.1057

F.1 Experimental Setup for General Tasks1058

To evaluate the performance on general tasks,1059

the experiments are carried on the non-reasoning1060

model adopt Llama-3.1-8B-Instruct. We target sce-1061

narios where the GPU memory overhead from the1062

KV cache becomes a bottleneck, specifically tasks1063

requiring long-sequence generation. Traditional1064

short-answer QA tasks (generating less than 5 to-1065

kens) are excluded as they do not incur significant1066

memory pressure. We use the following represen-1067

tative benchmarks:1068

• Mainstream QA (PIQA (Bisk et al., 2020)):1069

We utilize specific prompting (e.g., adding1070

"Let’s think step by step") to guide the1071

model into generating explanatory answers1072

(CoT-style), aligning the task with real-world1073

long-form generation.1074

• Long-form Generation (SQuALITY (Wang1075

et al., 2022)): A long-document summariza-1076

tion dataset that naturally involves extensive1077

context and long-form output generation.1078

We analyze the distribution of Maximum Re-1079

currence Interval (MRI) on these datasets with1080

Llama-3-8B-Instruct. We observe that the TIR phe-1081

nomenon remains prevalent in general long-form1082

generation, although the magnitude differs from1083

reasoning tasks.1084

Compared to Math/Code tasks (e.g., GSM8K),1085

the MRI in non-reasoning tasks is relatively smaller.1086

For example, only 20% tokens’ MRI ≥ 5 observed1087

on SQuALITY datasets, while more than 60% to-1088

kens have larger MRI on math reasoning datasets1089

like GSM8K. This because summarization and1090

general QA typically require less "reflection" or1091

"long-range backtracking". However, most tokens’1092

(>90%) importance still exhibits "non-monotonic"1093

fluctuations (MRI > 1).1094

F.2 Performance Comparison1095

We compare LazyEviction against TOVA and H2O1096

on PIQA and SQuALITY. We specifically chose1097

compression ratio r = 30% for PIQA and r =1098

20% for SQuALITY because these are the critical1099

thresholds where baseline methods typically fail.1100

The results demonstrate that even under these1101

aggressive compression settings (where baselines1102

struggle), LazyEviction consistently achieves su-1103

perior Accuracy and ROUGE scores compared to1104

Table 8: Performance of our LazyEviction compared
with baselines on PIQA and SQuALITY with Llama-3-
8B-Instruct. The best results among all methods are in
bolded.

Methods PIQA(r = 30%) SQuALITY(r = 20%)

Acc. (↑) ROUGE (↑)

FullKV 73.00 14.93

H2O 64.72 (-8.28) 14.69 (-0.24)
TOVA 58.48 (-14.52) 14.03 (-0.90)
Ours 71.50 (-1.50) 15.05 (+0.12)

baselines. This indicates that traditional greedy al- 1105

gorithms (e.g., TOVA, H2O) tend to evict tokens 1106

during these temporary periods of low attention, 1107

leading to information loss when the tokens are 1108

needed later. In contrast, LazyEviction’s Observa- 1109

tion Window mechanism tolerates such short-term 1110

low attention, ensuring the retention of latent recur- 1111

ring tokens. 1112

In conlusion, our method does not solely rely 1113

on the "ultra-long MRI" characteristic found in 1114

reasoning tasks. As long as fluctuations in token 1115

importance exist, the proposed "lagged observa- 1116

tion + dynamic prediction" mechanism provides a 1117

more robust solution than instant greedy eviction. 1118

This confirms that LazyEviction achieves SOTA 1119

performance in general long-form generation tasks, 1120

demonstrating robustness even when the MRI is 1121

relatively small. 1122

G Discussion about W and α 1123

G.1 The Selection of Window Size W . 1124

In LazyEviction, the observation window with size 1125

W serves to detect recurring tokens. However, 1126

since the most recent W -th tokens must be pre- 1127

served, the setting of W inherently introduces a 1128

trade-off between local and global information re- 1129

tention. An excessively large W risks losing criti- 1130

cal past tokens, while an overly small W may fail 1131

to detect numerous recurring tokens. 1132

We investigate the impact of the window size W 1133

on DS-Llama-8B performance across two datasets 1134

in Table 9. As W increases, the model’s accu- 1135

racy generally improves. This is because a larger 1136

window size allows the LazyEviction mechanism’s 1137

MRI metric to detect more recurring tokens, re- 1138

sulting in better capturing a token’s potential fu- 1139

ture significance, thereby enhancing performance. 1140

However, when the window size becomes too large, 1141

LazyEviction risks discarding critical past tokens, 1142
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leading to a slight performance decline. Thus, the1143

choice of W presents a trade-off between retaining1144

local and global information.1145

Table 9: Performance of different setting of the window
size W on DS-Llama-8B.

Dataset GSM8K (r = 50%)

W=4 W=8 W=16 W=25 W=32

Acc. 75.14 76.58 76.73 80.06 79.63

Dataset MATH-500 (r = 50%)

W=8 W=16 W=32 W=52 W=64

Acc. 71.8 72.2 72.8 75.2 74.8

G.2 The Selection of α1146

We further explore the impact of the threshold α1147

on the GSM8K dataset using two models. Since1148

the selection of α influences the temporal distribu-1149

tion of token timestamps, both extremely large and1150

small α hinder effective identification of tokens’1151

importance variation. The value of α influences the1152

MRI of each token, with α = 0.0005 producing1153

optimal results for DS-Llama-8B and α = 0.00011154

yielding the best performance for DS-Qwen-7B, as1155

detailed in Table 10. First, when α is small, tokens1156

are more readily flagged as important, but the MRI1157

of these tokens is reduced, which does not accu-1158

rately reflect the periodicity of their significance.1159

Second, when α is large, the steps where tokens1160

gain importance are not captured, preventing the1161

detection of their recurring patterns.1162

Table 10: Performance of different setting of α.

Model DS-Llama-8B (r = 50%)

FullKV α=0.0001 α=0.0005 α=0.001

Acc. 81.73 78.97 80.06 79.68

Model DS-Qwen-7B (r = 50%)

FullKV α=0.00001 α=0.0001 α=0.001

Acc. 89.92 88.06 88.40 88.32

G.3 Efficiency of Determining W1163

While determining the optimal observation win-1164

dow size W requires analyzing MRI statistics,1165

we demonstrate that this process incurs minimal1166

computational overhead and is highly practical.1167

The MRI distribution is jointly determined by the1168

model’s inherent characteristics and the task type1169

(i.e., token-level attention dynamics). Due to the1170

vast number of tokens generated in long-context 1171

tasks, these statistics converge extremely quickly. 1172

As shown in Table 11, relying on a negligible 1173

number of samples (ranging from 2 to 20) or merely 1174

minutes of inference time is sufficient to obtain reli- 1175

able MRI statistics for determining W . Compared 1176

to the runtime required for full dataset evaluation, 1177

this pre-statistical overhead is negligible, confirm- 1178

ing the practicality of our offline analysis approach. 1179

Dataset Process Samples Runtime

GSM8K MRI Analysis 20 ∼10 mins
(Avg. Len ∼1k) Evaluation 1319 ∼7 hours

MATH500 MRI Analysis 5 ∼15 mins
(Avg. Len ∼2k) Evaluation 500 ∼20 hours

AIME MRI Analysis 2 ∼40 mins
(Avg. Len ∼10k) Evaluation 30 ∼10 hours

Table 11: Comparison of computational cost between
MRI Analysis (for determining W ) and full Evaluation.
The overhead for determining W is minimal.

H Comparison between LazyEviction and 1180

RaaS 1181

Previous work RaaS (Hu et al., 2025) shares a sim- 1182

ilar motivation with our work, as both focus on the 1183

dynamic changes in token importance during rea- 1184

soning tasks. In summary, RaaS can be viewed as 1185

a special case of the LazyEviction strategy within 1186

"short-input, long-reasoning" scenarios (assuming 1187

Prefill is always important and Decode gradually 1188

fades). In contrast, LazyEviction provides a more 1189

robust mathematical framework (MRI) capable of 1190

adapting to a wider range of length distributions 1191

and attention patterns. We summarize the core dif- 1192

ferences below and include a detailed comparative 1193

discussion between LazyEviction and RaaS: 1194

1. Difference in Definition of “Recurrence” 1195

• RaaS (Phoenix & Milestone): RaaS catego- 1196

rizes tokens into two distinct types: 1197

– Phoenix Tokens: Refer specifically to to- 1198

kens in the Prefill stage (e.g., problem 1199

conditions), which reactivate after a pe- 1200

riod of silence. 1201

– Milestone Tokens: Refer specifically 1202

to tokens in the Decode stage. RaaS 1203

assumes these follow a “Waterfall” 1204

pattern, where importance decays 1205

monotonically—once it fades, it never 1206

rises again. 1207
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• LazyEviction (TIR): Our proposed Token1208

Importance Recurrence (TIR) is a unified phe-1209

nomenon. Our research reveals that recur-1210

rence features (i.e., MRI > 0) are exhibited1211

not only by Prefill tokens but also by tokens1212

generated during decoding (intermediate rea-1213

soning steps), contrary to RaaS’s assumption1214

of monotonic decay. LazyEviction captures1215

recurrence patterns across all positions with-1216

out distinguishing the token source.1217

2. Difference in Core Retention Strategy:1218

Heuristic Rules (RaaS) vs. Predictive Metrics1219

(Ours)1220

• RaaS Strategy (Hard-coded Rules): To pre-1221

serve Phoenix Tokens, RaaS opts to manda-1222

torily retain all Prefill tokens without any1223

eviction. For Decode tokens, it employs a1224

timestamp-based LRU strategy.1225

• LazyEviction Strategy (Dynamic Predic-1226

tion): We do not rely on the rigid assumption1227

of “retaining all inputs.” Instead, we lever-1228

age MRI (Maximum Recurrence Interval) to1229

dynamically predict the future value of every1230

token (whether Prefill or Decode). If a Prefill1231

token shows no recurrence over a long period,1232

LazyEviction evicts it.1233

3. Generalizability of Scenarios: RaaS is Lim-1234

ited by Input Length1235

• Limitations of RaaS: Since RaaS enforces1236

the retention of all Prefill KV pairs, it fails in1237

Long Context scenarios. The KV cache bud-1238

get becomes saturated by the prefill tokens,1239

leaving no space for decoding (as acknowl-1240

edged in the RaaS limitations: “RaaS may1241

lose crucial information... where the number1242

of prefill tokens exceeds a certain threshold”).1243

• Advantages of LazyEviction: Because we1244

treat Prefill and Decode tokens equally for1245

MRI-based compression, LazyEviction effec-1246

tively handles Long-Context tasks (e.g., long-1247

document QA, long-code generation), main-1248

taining high performance even under strict1249

memory constraints.1250

I Checklist Issues1251

The datasets used in the experiment, including1252

GSM8k (MIT), MATH500 (MIT), AIME (MIT),1253

GPQA Dimond (MIT), Livecodebench (MIT) and1254

models, including DeepSeek-R1-Distill-Llama- 1255

8B(MIT), DeepSeek-R1-Distill-Qwen-7B (MIT), 1256

Qwen3-4B (apache2.0), QwQ-32B (apache2.0), 1257

are used with their intended usage scenarios. We re- 1258

trieve all models and datasets from HuggingFace3, 1259

where detailed documentation, including parame- 1260

ter sizes and model architectures, is provided. We 1261

manually checked the data and believe there is no 1262

personal information misused. 1263

We used ChatGPT for paper editing (e.g., gram- 1264

mar, spelling, word choice). 1265

To the best of our knowledge, we believe our 1266

work does not pose risks that harm any subgroup 1267

of our society. 1268

3https://huggingface.co/
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