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Abstract001

With reasoning becoming the generative002
paradigm for large language models (LLMs),003
the memory bottleneck caused by KV cache004
during the decoding phase has become a crit-005
ical factor limiting high-concurrency service.006
Although existing KV cache eviction methods007
address the memory issue, most of them are im-008
practical for industrial-grade applications. This009
paper introduces Compressed PagedAttention,010
a method that combines token-wise KV cache011
eviction with PagedAttention. We propose a012
comprehensive scheduling strategy and support013
prefix caching and asynchronous compression014
for Compressed PagedAttention. Based on015
this, we have developed a high-concurrency016
LLM inference engine, Zipage. On large-scale017
mathematical reasoning tasks, Zipage achieves018
around 95% of the performance of Full KV019
inference engines while delivering over 2.1×020
speedup.021

1 Introduction022

With the advancement of large language models023

(LLMs), reasoning LLMs have garnered increasing024

attention from the community (Ke et al., 2025; Li025

et al., 2025). These models typically perform exten-026

sive reasoning before generating answers and have027

shown remarkable progress in complex domains028

like code and mathematics. However, as sequence029

length grows, the memory required for storing the030

KV cache increases significantly. The core bot-031

tleneck of LLM service systems has shifted from032

computation to having sufficient memory to sus-033

tain high-concurrency execution in long sequence034

scenarios.035

Existing KV cache eviction methods can reduce036

memory usage at the algorithmic level but face fun-037

damental mismatches at the system level. While038

some methods (Ghadia et al., 2025; Cai et al.,039

2025; Liao et al., 2025) achieve constant mem-040

ory usage during decoding, they lack support for041

advanced techniques like continuous batching and 042

prefix caching, essential features in modern infer- 043

ence engines such as vLLM1 and SGLang2. Conse- 044

quently, their actual throughput is often lower than 045

engines using a full KV cache. Other methods inte- 046

grate KV cache eviction into inference engines but 047

rely on coarse-grained page-wise eviction, risk- 048

ing the loss of critical information and degrading 049

performance (Hu et al., 2025; Chitty-Venkata et al., 050

2025). KV-Compress (Rehg, 2024), though em- 051

ploying token-wise eviction, only supports input 052

compression and disrupts the prefix cache, signif- 053

icantly increasing prefilling costs. 054

In this paper, we propose Compressed PagedAt- 055

tention, a KV cache management approach that 056

combines PagedAttention (Kwon et al., 2023) with 057

flexible token-wise KV cache eviction across lay- 058

ers and attention heads. We implemented a high- 059

concurrency inference engine, Zipage3, based on 060

Compressed PagedAttention, and developed effi- 061

cient GPU kernels to optimize operations during 062

the compression process. Zipage employs a com- 063

prehensive request scheduling strategy designed 064

for Compressed PagedAttention and is compat- 065

ible with prefix caching, achieving significant 066

throughput improvements in scenarios where many 067

requests share the same prefix. It also implements 068

asynchronous compression and decoding to fur- 069

ther enhance throughput. 070

We evaluated models of various architectures 071

and sizes on reasoning tasks, such as coding and 072

mathematics. Zipage achieved significant through- 073

put gains while maintaining performance close to 074

a Full KV cache engine. Specifically, in mathemat- 075

ical reasoning tasks, Zipage achieves over a 2.1× 076

speedup while retaining approximately 95% of the 077

performance of a Full KV cache engine. 078

1https://github.com/vllm-project/vllm
2https://github.com/sgl-project/sglang
3Code links will be provided in the final version and will

be maintained as a long-term open-source project.
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Figure 1: Illustration of Compressed PagedAttention. Here, Nmax = 4, b = 4, w = 2. The figure depicts two
requests requiring compression. After compression, the kept KV cache entries are moved to the first three blocks,
while the fourth block is reserved for subsequent decoding. The remaining blocks are released.

2 Related Work079

Some methods reduce computational complexity080

and memory usage by evicting KV cache entries.081

For example, SnapKV (Li et al., 2024) calculates082

attention scores to decide which token’ KV cache083

to retain or evict, while PyramidInfer (Yang et al.,084

2024), PyramidKV (Cai et al., 2024), and Ada-KV085

(Feng et al., 2024) adjust budgets across heads or086

layers to improve performance. However, these087

methods focus on compressing input KV cache,088

while output KV cache dominates memory in rea-089

soning, limiting concurrency.090

Methods such as MorphKV (Ghadia et al., 2025),091

R-KV (Cai et al., 2025), and G-KV (Liao et al.,092

2025) perform KV cache eviction during the decod-093

ing process, ensuring that the KV cache for each094

request remains constant. Although these methods095

significantly improve concurrency, they are not in-096

tegrated with inference engines and thus cannot be097

practically applied.098

3 Background099

PagedAttention (Kwon et al., 2023) is an efficient100

method for managing the KV cache of Transformer101

(Vaswani et al., 2017) based LLMs. The LLM102

serving engine, vLLM, is built on PagedAttention.103

Pre-allocated memory. vLLM pre-allocates104

GPU memory for the KV cache, denoted as105

K,V ∈ RL×Ntotal×b×hkv×d. Here, L represents106

the number of layers of LLMs, Ntotal is the total107

number of blocks, b corresponds to the block size,108

hkv denotes the number of attention heads, and d109

is the attention dimension.110

KV cache management. vLLM partitions the111

sequence of each request according to the block 112

size. The KV cache of each block is then written 113

into free blocks in K and V. vLLM maintains a 114

block table to record the blocks occupied by each 115

request and their corresponding order. 116

Request scheduling. In vLLM, requests are cat- 117

egorized into two states: waiting and running, and 118

these states are managed using two separate queues. 119

At each decoding step, if sufficient blocks are avail- 120

able for prefilling, vLLM transfers requests from 121

the front of the waiting queue to the running queue 122

and performs prefilling. Otherwise, the requests in 123

the running queue decode the next token. When 124

the last block of a request is filled and new blocks 125

cannot be allocated, the running requests preempt 126

the blocks of the most recently added requests in 127

the running queue. The preempted requests are 128

then moved back to the front of the waiting queue. 129

This scheduling process adheres to a first-come, 130

first-served (FCFS) principle. 131

4 Method 132

In this work, we propose a novel KV cache man- 133

agement method, Compressed PagedAttention, and 134

develop an LLM serving engine, Zipage. 135

4.1 Compressed PagedAttention 136

To address the concurrency challenges, we intro- 137

duce Compressed PagedAttention, a KV cache 138

management method based on PagedAttention and 139

KV cache eviction strategies. Compressed Page- 140

dAttention builds upon PagedAttention by intro- 141

ducing the following key features: 142

• The number of blocks occupied by each re- 143

quest is capped at Nmax, except during the 144
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prefilling phase, where the prefilling length145

may temporarily exceed this limit.146

• After each decoding step, if a request occupies147

N blocks and satisfies N ≥ Nmax with the148

last block fully occupied, a compression oper-149

ation is triggered to evict less important KV150

cache entries and relocate the retained ones to151

the first Nmax− 1 blocks. The Nmax-th block152

is reserved for subsequent decoding, while the153

remaining blocks are released.154

Compressed PagedAttention ensures that the mem-155

ory usage of each request remains within a fixed156

maximum limit throughout the decoding process,157

thereby maintaining high concurrency. Figure 1158

illustrates the KV cache management mechanism159

in Compressed PagedAttention.160

4.2 The Compression Process Pipeline161

In this section, we will further elaborate on the162

compression process. First, following SnapKV (Li163

et al., 2024) and MorphKV (Ghadia et al., 2025),164

we take the query states of the last w tokens in165

the final block of each request as observation win-166

dow. To accommodate these query states, we pre-167

allocate memory as Q ∈ RL×M×w×hq×d, where168

M represents the maximum concurrency, hq is the169

number of attention heads. The maximum concur-170

rency M is subject to the following constraints:171 
mkv ×Ntotal +M ×mq ≤ mavailable,

M ≤ Ntotal

Nmax
,

M > 0, Ntotal > 0,

(1)172

where mavailable denotes the total available memory,173

mkv represents the memory required for the KV174

cache of a block, and mq is the memory required to175

cache the query states of a request. This is a linear176

programming problem, and the maximum value177

of M is achieved when M = ⌊ mavailable
mkv×Nmax+mq

⌋, at178

which point Ntotal = ⌊ mavailable
mkv+mq/Nmax

⌋.179

When compression is triggered, a scoring func-180

tion ϕ(Q,K, I) is employed to assign a score for181

the KV cache entries of requests that require com-182

pression. Here, I represents additional information,183

such as the block tables and query slots indexes184

for these requests. In its basic form , this scoring185

function involves computing attention scores be-186

tween the query states in Q and the key states in K.187

Furthermore, R-KV (Cai et al., 2025) introduces188

a redundancy score to evaluate the redundancy of189

the KV cache, while G-KV (Liao et al., 2025) in- 190

corporates a global score to aggregate historical 191

attention scores, providing a better assessment of 192

long-term importance. We integrate these methods 193

into our framework and implement kernel-level 194

optimizations specifically tailored for the paged 195

KV cache. Detailed algorithm and experimental 196

results can be found in Appendices C.2, C.3 and 197

C.5. 198

After obtaining the final scores, we assign a 199

score of +∞ to the entries within the observation 200

window to ensure they are always retained. Subse- 201

quently, the top-k KV cache entries with the high- 202

est scores are retained, where k = (Nmax− 1)× b, 203

referred to as the KV cache budget. Compres- 204

sion is then performed by reorganizing the retained 205

KV cache entries such that their placement in K 206

and V becomes compact and contiguous in a page. 207

The full compression algorithm is described in Ap- 208

pendix C.6. 209

Additionally, although the raw redundancy score 210

from R-KV significantly improves the performance, 211

its computational complexity is O(N2 × b2), be- 212

coming the primary bottleneck in the compression 213

process. To address this issue, we propose a novel 214

lightning redundancy score with a reduced com- 215

putational complexity of O(N × b2), which not 216

only significantly accelerates the compression but 217

also achieves better performance than the raw re- 218

dundancy score. Detailed descriptions and experi- 219

ments are provided in Appendix C.7. 220

4.3 Hybrid Scheduling 221

To implement a LLM inference engine, a schedul- 222

ing strategy tailored to Compressed PagedAttention 223

is also crucial. For Compressed PagedAttention, 224

each request requires the allocation of query slots 225

for compression. The number of requests that can 226

be allocated query slots is constrained by the max- 227

imum concurrency M . The simplest scheduling 228

strategy is to restrict the concurrency to no more 229

than M . Since some requests may occupy more 230

than Nmax blocks, it is possible for requests with 231

fewer than Nmax blocks to become blocked when 232

attempting to allocate new blocks, even if the con- 233

currency does not exceed M . For requests occupy- 234

ing more than Nmax blocks, no additional blocks 235

need to be allocated, and the extra blocks are re- 236

leased after the first compression. At this point, 237

the blocked requests can resume decoding. This 238

scheduling strategy, therefore, enables scheduling 239

without preemption, and we refer to it as con- 240
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Figure 2: State transition diagram of requests under
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strained scheduling.241

Although constrained scheduling is simple and242

avoids preemption, this strategy may lead to un-243

derutilization of KV cache blocks. When there are244

a large number of requests with short inputs, the245

number of blocks occupied by these requests is less246

than Nmax, resulting in significant block idleness247

due to the concurrency limit. This underutilization248

becomes more frequent in scenarios where only249

brief responses are required.250

To fully utilize these blocks and enhance concur-251

rency, we propose a hybrid scheduling strategy.252

Specifically, the rules of hybrid scheduling can be253

summarized as follows:254

• Only the first M requests in the running queue255

are eligible for query slots allocation.256

• Requests occupying fewer than Nmax blocks257

or with fewer than b − w tokens in the last258

block can decoding without being assigned259

query slots. Such requests from the waiting260

queue can be moved to the running queue for261

prefilling when sufficient blocks are available,262

even without query slot allocation. However,263

requests in the running queue without query264

slots will be blocked once they no longer meet265

these conditions.266

• When query slots are released, they are priori-267

tally allocated to the foremost requests in the268

running queue that lack assigned query slots.269

• If a request in the running queue attempts to270

allocate a new block but no free blocks are271

available, preemption is triggered. Priority is272

given to offloading the last request without as-273

signed query slots. Once all such requests are274

offloaded, the system reverts to constrained275

scheduling.276

Under the hybrid scheduling strategy, the maxi-277

mum concurrency is no longer constrained by M .278
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Figure 3: Illustration of block allocation and release
strategies for prefix cache.

The states of requests are illustrated in Figure 2. 279

Requests that have already undergone compres- 280

sion can continue to run without preemption until 281

completion, while uncompressed requests may be 282

subject to preemption. Although the preempted 283

requests discussed in this section are limited to 284

those without assigned query slots, this rule will 285

change in §4.4, where all uncompressed requests, 286

including those with assigned query slots, may be 287

offloaded. 288

4.4 Shared Prefix Cache for Compressed 289

PagedAttention 290

Shared prefix cache is a key technique in inference 291

engines. When multiple requests have the same 292

prefix, the KV cache of the prefix can be shared 293

across these requests. This approach reduces both 294

memory usage and the computational overhead of 295

prefilling. 296

In Compressed PagedAttention, the compression 297

process will disrupt the shared prefix structure and 298

different requests may retain different subsets of 299

KV cache entries, making sharing infeasible. To 300

resolve this, we modify the compression strategy: 301

instead of rearranging KV cache entries within al- 302

located blocks, compression is redirected to a set 303

of target blocks, determined as follows: 304

• Prefix caching is shared across requests at the 305

block level. Each block tracks the number 306

of requests referencing it. Blocks with a ref- 307

erence count greater than 1 are considered 308

shared. 309

• If the number of shared blocks for a request, 310

denoted as Nprefix, is greater than or equal to 311

Nmax − 1, we allocate Nmax − 1 new blocks 312

as taget blocks. The KV cache of the request 313
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is then compressed into these newly allocated314

blocks.315

• If Nprefix < Nmax − 1, we allocate Nprefix316

new blocks and reuses Nmax − 1 − Nprefix317

blocks already allocated to the request. These318

combined blocks are used as the target blocks319

for compression.320

With this adjustment, shared prefixes are pre-321

served after compression. Figure 3 illustrates exam-322

ples of block tables before and after compression.323

As the compression is completed, the reference324

count for each shared block is decremented by 1.325

If the reference count drops to 1, the block is no326

longer considered a shared block.327

Finally, as discussed in §4.3, under constrained328

scheduling, requests that attempt to allocate329

new blocks without availability would simply be330

blocked without releasing any blocks. However,331

with shared prefixes, new blocks may need to be332

allocated before compression, meaning requests333

occupying more than Nmax blocks could also face334

blocking, potentially leading to deadlocks. To re-335

solve this, preemption must be applied when prefix336

sharing is enabled. In such cases, the last uncom-337

pressed request will be preempted. Although this338

may occasionally deviate from the first-come, first-339

served principle, it still prevents prolonged request340

starvation.341

4.5 Asynchronous Decoding and Compression342

The previous section introduced the core concepts343

of Zipage. Here, we evaluate Zipage’s performance344

on reasoning tasks. We measured the average time345

per step and its proportion of the total time spent346

on prefilling, decoding, and compression. As illus-347

trated in Figure 4, decoding dominates the overall348

time consumption in reasoning tasks, while com-349

pression accounts for about 10% of the total time.350

Additionally, the time required for each compres-351

sion step is approximately 40%− 70% of that for352

a decoding step.353

We also observe that requests requiring compres-354

sion constitute less than 1% of the total running355

requests during each compression operation. As-356

suming the prefilling length and entry time of each357

request into the running queue are random, the358

theoretical proportion of requests needing compres-359

sion at each step is approximately 1
b of the total360

running requests (where the block size b is 256 in361

our experiments).362
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under non-asynchronous compression settings.

This shows that only a small fraction of requests 363

require compression in each step. If compression 364

and decoding are executed sequentially, many re- 365

quests that do not require compression will be un- 366

necessarily delayed, waiting for the compression 367

of a few requests to finish. Additionally, the small 368

batch size of compression fails to fully utilize the 369

GPU’s computational resources, significantly low- 370

ering GPU efficiency. 371

To resolve this, we enable asynchronous execu- 372

tion of compression and decoding. Requests ready 373

for decoding proceed without waiting for compres- 374

sion to finish, while those requiring compression re- 375

join subsequent decoding steps once asynchronous 376

compression is complete. This design significantly 377

improves GPU utilization and overall throughput. 378

5 Experiments 379

5.1 Experimental Setup 380

We conducted experiments using the Qwen3 se- 381

ries models (0.8B, 8B, 14B, and 32B) (Yang et al., 382

2025) and DeepSeek-R1 Distill Llama 8B (referred 383

to as DS Llama 8B) model (Guo et al., 2025). We 384

adopt an offline inference manner for evaluation. 385

Except for Qwen3 32B, which runs on 2 A100 386

GPUs using tensor parallelism, all other experi- 387

ments are conducted on a single A100 GPU. The 388

block size b was fixed at 256, and the window size 389

w was set to 16. We experimented with larger 390

window sizes, the performance showed almost no 391

difference or even worse, but the memory required 392

to store the queries increased significantly. 393

To evaluate efficiency, we use two metrics: time 394

per output token (TPOT) and tokens per second 395

(TPS). TPOT is calculated as the total time from 396

the generation of the first token to the last token 397

for a request, divided by the total number of tokens 398

generated for that request. TPS is defined as the to- 399

tal number of tokens generated across all requests, 400

divided by the total time from the start of the first 401
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request to the completion of the last. Model perfor-402

mance is assessed using pass@1 as the evaluation403

metric (Chen et al., 2021). Evaluation settings and404

benchmark details are provided in Appendix B.405

5.2 Efficiency Analysis406

To evaluate the efficiency of Zipage, we selected407

three distinct workload types. The first is the math-408

ematical benchmark AMC 234, characterized by409

short inputs and long outputs. GSM8K5, by con-410

trast, is a simpler mathematical benchmark with411

both short inputs and short outputs. For mixed412

workloads, we combined AMC 23 and GSM8K.413

Lastly, we selected the MultiFieldQA task from414

LongBench (Bai et al., 2024) as a representative415

workload with long inputs and short outputs. The416

KV cache budget fixed at 2048.417

In addition to evaluations using Zipage, ablation418

studies were conducted on three techniques: asyn-419

chronous compression, hybrid scheduling, and pre-420

fix sharing. Furthermore, comparisons were made421

with Nano-vLLM6, a lightweight implementation422

of PagedAttention.423

Figure 5 shows the TPOT of Qwen3 8B un-424

der different configurations. TPOT decreases sig-425

nificantly when hybrid scheduling is disabled, as426

requests are rarely preempted or blocked, allow-427

ing uninterrupted decoding until completion. In428

contrast, for Zipage with hybrid scheduling or429

Nano-vLLM, the re-queuing time after preemption430

4https://huggingface.co/datasets/math-ai/amc23
5https://huggingface.co/datasets/openai/gsm8k
6https://github.com/GeeeekExplorer/nano-vllm

can dominate the overall request processing time. 431

Thus, the TPOT metric becomes less meaningful. 432

Our subsequent analysis will focus primarily on 433

the TPS metric. 434

Figure 6 shows the TPS of Qwen3 8B under var- 435

ious configurations. Disabling asynchronous com- 436

pression consistently lowers TPS across all work- 437

loads, underscoring its acceleration benefits in all 438

scenarios. Hybrid scheduling proves advantageous 439

in mixed workloads dominated by short-input and 440

short-output requests, as it improves concurrency. 441

Prefix caching significantly speeds up LongBench 442

due to the presence of long shared prefixes in this 443

workload. Zipage outperforms Nano-vLLM in the 444

TPS metric, with its advantage becoming more 445

evident in scenarios requiring longer outputs. Ad- 446

ditional details, including the number of running 447

and waiting requests during inference and block 448

utilization rates, are provided in Appendices D and 449

E. 450

Figure 7 (a) shows the real-time throughput dur- 451

ing inference, calculated as the number of tokens 452

decoded per step divided by the decoding time 453

per step. Nano-vLLM exhibits periodic through- 454

put fluctuations due to offloading requests as se- 455

quences lengthen. When a long request completes, 456

the offloaded requests rejoin the running queue, 457

temporarily boosting throughput. In contrast, Zi- 458

page maintains consistently high throughput, al- 459

though asynchronous compression, which com- 460

petes with decoding for GPU resources, introduces 461

some fluctuations. Figure 7 (b) illustrates the time 462

per step, while Figure 7 (c) compares the average 463
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Figure 7: The figure shows Qwen3 8B’s performance using Zipage or Nano-vLLM on AMC 23, including:(a)
real-time throughput, (b) per-step real-time decoding time, (c) average per-step time at different concurrency range,
(d) and the ratio of steps to total steps under different concurrency range.

execution time per step across different concur-464

rency ranges, showing that Zipage achieves shorter465

times at the same concurrency levels. Figure 7466

(d) reveals the proportion of steps across various467

concurrency ranges, with Zipage primarily oper-468

ating within the high-concurrency range of [100,469

200), whereas Nano-vLLM operates mostly below470

100. Additional experimental details for models of471

different scales are provided in Appendix F.472

5.3 Comparison with Other Frameworks473

In this section, we compare Zipage with other text474

generation frameworks. The baselines include Hug-475

gingFace generation7 (HF-Gen) , a Full KV gen-476

eration framework, as well as MorphKV, R-KV,477

and G-KV, which incorporate KV cache eviction478

during decoding to maintain a constant memory.479

However, none of these methods support advanced480

techniques such as continuous batching. We also481

evaluate the inference engines vLLM (v 0.13.0)482

and Nano-vLLM. vLLM is a highly optimized in-483

ference engine for industrial-grade applications.484

The evaluation is performed on the AMC 23. For485

methods that do not support continuous batching,486

a step size of 5 is used to search for the maximum487

batch size. For Zipage and other baselines that488

support KV cache eviction, the KV cache budget489

is fixed at 2048.490

7https://huggingface.co/docs/transformers/index
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Figure 8: Comparison of TPS and pass@1 performance
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batch size.

As illustrated in Figure 8, in terms of TPS, meth- 491

ods supporting KV cache eviction demonstrate sig- 492

nificant improvements over HF-Gen, primarily due 493

to their capability to handle larger batch sizes. How- 494

ever, these methods, lacking features such as con- 495

tinuous batching, produce a substantial number of 496

padding tokens, causing their TPS to fall below that 497

of inference engines like vLLM and Nano-vLLM. 498

In contrast, Zipage achieves more than double the 499

TPS of both vLLM and Nano-vLLM. Regarding 500

pass@1 performance, methods utilizing KV cache 501

eviction, including Zipage, deliver results compara- 502
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(c) LiveCodeBench

Figure 9: Evaluation results under varying KV cache budgets on (a) AMC 23, (b) AIME 24, and (c) LiveCodeBench.
Dashed lines represent the results of full KV, and the percentages following the numerical values indicate the relative
performance compared to full KV.

ble to Full KV cache approaches under a 2k budget,503

with the exception of MorphKV, which exhibits a504

slight performance gap.505

5.4 How to Set KV Cache Budgets?506

In this section, we evaluate using different KV507

cache budgets on two mathematical benchmarks,508

AMC 23 and AIME 248, and one code benchmark,509

LiveCodeBench (Jain et al., 2024) v1. We report510

pass@1, average output length, TPS, and speedup,511

calculated based on the total time required to com-512

plete all requests.513

For AMC 23, with a budget of 2048, the per-514

formance of Zipage reaches around 95% of that515

of Full KV (Nano-vLLM), while throughput and516

speedup exceed twice the Full KV baseline. At a517

budget of 4096, the performance is very close to518

Full KV. For AIME 24, a 4096 budget achieves519

about 95% of Full KV performance, with through-520

put and speedup also exceeding twice the base-521

line. For code tasks, Zipage achieve around 95%522

of Full KV performance with a 4096 budget, with523

8https://huggingface.co/datasets/math-ai/aime24

a speedup ratio of approximately 1.6. Additionally, 524

we observe that as the budget decreases, not only 525

does performance decline, but the average output 526

length also increases, which may negatively affect 527

user experience. 528

6 Discussion 529

Zipage currently supports RoPE (Su et al., 2024) 530

and its variants, which encoding positional embed- 531

dings directly into the KV cache. Zipage is fully 532

compatible with text-based context management 533

systems for multi-turn conversations, and integrates 534

seamlessly with FlashAttention (Dao et al., 2022) 535

as KV cache eviction does not interfere with the 536

Attention forward process. 537

7 Conclusion 538

In this paper, we propose Compressed PagedAt- 539

tention, which integrates KV cache compression 540

with paged KV cache management. Based on this, 541

we develop the inference engine Zipage, which 542

achieves over 2x speedup while delivering perfor- 543

mance close to that of Full KV in reasoning tasks. 544
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Limitations545

Since we have not yet implemented the online en-546

gine, all evaluations are conducted in the form of547

offline inference. Therefore, we do not report the548

Time to First Token (TTFT) metric, as queuing549

time dominates and renders TTFT less meaningful550

as a reference. In the future, we plan to imple-551

ment an online engine in the open-source project552

and integrate techniques such as chunked prefilling553

(Agrawal et al., 2023) to optimize TTFT.554

We did not compare our approach with meth-555

ods that integrate KV cache compression into in-556

ference engines, as RaaS (Hu et al., 2025) and557

PagedEviction (Chitty-Venkata et al., 2025) lack558

publicly available code for such integration. How-559

ever, our token-wise eviction method may offer560

advantages in preserving critical information. As561

for KV-Compress (Rehg, 2024), it only compresses562

inputs and performs similarly to vLLM in scenarios563

with long outputs.564

Additionally, requests of varying difficulty may565

require different budgets. Currently, we set the566

budget to a fixed size. However, Nmax can be567

treated as a unique attribute for each request and568

adjusted based on the actual sequence length of the569

request, which might slightly reduce concurrency570

but could improve overall performance. We plan to571

incorporate this feature into Zipage in the future.572
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A Usage of AI 716

We employed AI to refine the content based on our 717

original text, with all revisions thoroughly reviewed 718

and verified by our team. The code development 719

was assisted with AI. All code underwent rigorous 720

testing. 721

B Evaluation Settings and Dataset Details 722

For all evaluations, the sampling temperature is 723

set to 0.6. The evaluation settings for different 724

benchmarks are detailed in Table 1. 725

Workloads
Number of
Questions

Sample
Times

Max Output
Length

AMC 23 40 32 16384
AIME 24 30 32 32768
LiveCodeBench v1 400 8 16384
Mixture 40+1319 4 16384
LongBench 150 4 4096

Table 1: Evaluation settings for different workloads or
benchmarks.

For GSM8K, we use Qwen3’s non-reasoning 726

mode, which reduces output length in most cases, 727

though the model occasionally generates lengthy 728

reasoning. Additionally, for the Mixture of 729

GSM8K and AMC23 workload, the question order 730

is randomized. 731

C Implementation for Compression 732

Operations and Experiments. 733

For most operations during the compression pro- 734

cess, we implemented specialized GPU kernels 735

using Triton9. This section contains algorithm de- 736

scriptions and experiments for these kernel imple- 737

mentations. 738

C.1 Cross-Layer Parallel Compression 739

Since the KV cache compression processes of dif- 740

ferent layers are independent of each other, com- 741

pression can be executed in parallel across layers. 742

9https://github.com/triton-lang/triton
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All kernels can parallelize at least across the dimen-743

sions of batch size, layer, and attention head.744

However, the compression process generates in-745

termediate activations. If all layers are compressed746

simultaneously, it may lead to memory overflow747

in extreme cases, especially under asynchronous748

compression settings where memory is shared with749

prefilling and decoding operations. To address this,750

we adapt cross-layer compression based on a layer751

stride l, i.e., compressing the KV cache of l layers752

at each time. The peak of the activations scales753

as O(n × l × hq × N × b × w), where n is the754

batch size of requests requiring compression, and755

N is the maximum number of blocks among all756

requests.757
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Figure 10: Average time for compression and decoding
step under different layer stride.

We inference on AMC 23 and report the aver-758

age compression and decoding times for different759

layer strides are shown in Figure 10. As the layer760

stride increases, both the average decoding time per761

step and the compression time exhibit a decreasing762

trend. Notably, the compression time for a layer763

stride of 16 is approximately 5%− 10% of that for764

a layer stride of 1.765

Furthermore, we observe that the average com-766

pression time for the 0.6B model is longer than that767

for the 8B model. This is attributed to the higher768

concurrency in the 0.6B model, resulting in a larger769

average batch size for each compression step.770

Ultimately, we adopt a layer stride of 8 in other771

experiments, which provides a significant accelera-772

tion while maintaining a moderate size for interme-773

diate activation values.774

C.2 Paged Attention Score775

The scoring function ϕ(Q,K, I) in its most basic776

form involves only the computation of attention777

scores. In this section, we describe how to calculate778

attention scores using the query states in the query779

cache Q and the key states in the key cache K.780

Since the computations for different requests within781

a batch, different layers, and different attention 782

heads are independent and executed in parallel, we 783

illustrate the algorithm with a single request, a 784

single layer, and a single attention head. 785

Algorithm 1 Block Attention Logits Computation

Require: Query cache Q, key cache K, block size
b, block index i, query slots index j, block
table, attention dimension d

1: Compute query offset pq in Q based on query
slots index j

2: Load query states: Qj ← Q[pq] ∈ Rw×d

3: Get the block id in block table through block
index i

4: Compute key offset pk in K using block id
5: Load key states: Ki ← K[pk] ∈ Rb×d

6: Compute attention logits: A′ ← Qj ·K⊤
i√

d
∈

Rw×b

7: if block i is the last block the request then
8: Construct causal mask M ∈ Rw×b where

Mu,v =

{
−∞ if u+ b− w > v

0 otherwise

9: Apply mask: A′ ← A′ +M
10: end if
11: Save: A[i]← A′

When computing the attention scores, we first 786

allocate storage space A ∈ RN×w×b. Then, as de- 787

scribed in Algorithm 1, we perform the matrix mul- 788

tiplication of query states and key states. Since the 789

attention computation can be further parallelized 790

along the dimension of block numbers, Algorithm 791

1 outlines the computation for a single block. 792

It is important to note that, although the matrix 793

multiplication in algorithms is conceptually com- 794

pleted in a single step, in practice, it is further di- 795

vided into smaller blocks for computation. What’s 796

more, load in algorithms refers to reading data from 797

the GPU’s global memory (Dynamic Random Ac- 798

cess Memory, DRAM) into the shared memory or 799

registers (Static Random Access Memory, SRAM), 800

while save refers to writing data from the shared 801

memory back to the global memory. 802

The layout of key states in K is paged, but the 803

computed logits A are stored contiguously. So, we 804

can reshape A into Rw×(Nb) and apply Softmax 805

along the last dimension to obtain the attention 806

scores S′ ∈ Rw×(Nb). 807

For multi-query (Shazeer, 2019) or group-query 808
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(Ainslie et al., 2023) attention, where a single key809

head corresponds to multiple query heads, we per-810

form a max-reduce operation for the scores of each811

key head. Finally, we take an average along the812

observation window length dimension to obtain813

S ∈ RN×b.814

C.3 Global Score815

The global score proposed in G-KV (Liao et al.,816

2025) combines historical attention scores through817

decayed max-reduce or sum-reduce, enabling bet-818

ter evaluation of the long-term importance of KV819

cache entries during eviction. We have integrated820

the global score into our framework and adapted it821

for PagedAttention.822

First, we need to pre-allocate F ∈823

RL×Ntotal×b×hkv to store the global score. The size824

of F is 1
2d of the total size of K and V. If global825

score is enabled, equation (1) needs be updated as:826 
(1 +

1

2d
)×mkv ×Ntotal +M ×mq ≤ mavailable,

M ≤ Ntotal

Nmax
,

M > 0, Ntotal > 0,
(2)827

Algorithm 2 Update Global Score Cache with At-
tention Scores
Require: Attention score tensor S, global score

cache F, block table, number of blocks N ,
decay factor α, block index i

1: Load attention scores of i-th block si ∈ Rb

from S
2: Compute offset p of i-th block in F using block

id from block table
3: if request is not compressed then
4: Save score to cache: F[p]← si
5: else
6: if i-th block is not the last block of the

sequence then
7: Load previous global score fi ←

F[p] ∈ Rb

8: Update: si ← max(α · fi, si)
9: end if

10: Save score to cache: F[p]← si
11: Overwrite attention score: S[i]← si
12: end if

Based on the attention scores S, we use Algo-828

rithm 2 to compute the global scores. The algo-829

rithm can be summarized as follows: if a request830

has not been compressed, there are no historical 831

scores, and we simply store S in F. If a request 832

has been compressed, all blocks except the last one 833

have historical scores. For these blocks, we take 834

the maximum value between the decayed historical 835

scores and S as the new score. 836

α 0 0.4 0.8 0.85 0.9 1

Qwen3 8B 0.6906 0.7375 0.7718 0.7468 0.7484 0.7531
DS Llama 8B 0.7484 0.7656 0.7643 0.7584 0.7578 0.7515

Table 2: Experimental results with different decay rates
α.

We evaluate using a budget of 2048 and global 837

score with different decay rates α on the AMC 23 838

benchmark, with the experimental results shown 839

in Table 2. The global score shows a significant 840

improvement on Qwen3 8B but provides minimal 841

benefits on DS Llama 8B. 842

C.4 Pooling at the Sequence Dimension 843

SnapKV (Li et al., 2024) performs max pooling 844

along the sequence dimension, meaning that to- 845

kens near high-scoring tokens are also assigned 846

high scores. This helps preserve more detailed 847

information in context. We have integrated this 848

method into our framework, implementing it us- 849

ing PyTorch10’s MaxPool1D interfaces instead of 850

a specialized kernel: 851

S = MaxPool1D(S) (3) 852

Pooling is performed after computing the global 853

score during the compression process. 854

C.5 Redundancy Score of Key states 855

R-KV (Cai et al., 2025) introduces redundancy 856

scores to evaluate the degree of redundancy among 857

KV cache entries. Specifically, it calculates the 858

cosine similarity between the key states within a 859

sequence. 860

Figure 11 illustrates the computation of redun- 861

dancy scores between the key states of two blocks. 862

The diagonal entries represent the similarity of key 863

states with themselves and are therefore zeroed out. 864

Additionally, for each column, the last similarity 865

score exceeding the threshold p is set to 0, as we 866

prioritize retaining newer tokens when an old to- 867

ken is highly similar to a new token. Finally, the 868

similarity matrix is summed row-wise, normalized 869

10https://pytorch.org/
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Figure 11: This figure illustrates the computation of
the original redundancy scores when N = 2 and b = 4.
Here, Ki represents the key states of the i-th block. This
approach has a computational complexity ofO(N2×b2)
and a memory complexity of O(N2 × b2).

by the sequence length, and passed through Soft-870

max on the sequence dimension to compute the871

redundancy score R.872

The redundancy score is applied after max pool-873

ing. The redundancy score is combined with previ-874

ous scores using the following formula:875

S = S− λ ·R (4)876

The original implementation of the redundancy877

score first computes the complete cosine similarity878

matrix and then applies zeroing out. Its memory879

complexity is O(N2 × b2). Assuming a floating-880

point size of 2 bytes, the actual matrix size is 2×881

n × l × hkv × N2 × b2. For a common scenario882

where n = 16, l = 8, hkv = 8, and b = 256,883

the cosine similarity matrix size is 128×N2 MB.884

When the sequence length is sufficiently large, the885

memory usage can even reach tens of GB.886

Such enormous activations are unacceptable and887

can easily lead to memory overflow. To address888

this issue, we implemented the flash redundancy889

score. Figure 12 illustrates the computation pro-890

cess of the flash redundancy score. We no longer891

store the complete similarity matrix. Instead, we892

compute similarities in a block-wise manner, start-893

ing from the last block. The computed similarity894

results are not retained but are directly accumu-895

lated into a pre-allocated accumulation accumu-896

lator R′ ∈ RN×N×b. To correctly zero out the897

Algorithm 3 Flash Redundancy Score

Require: Key cache K, block table, number of
blocks N , threshold p, block size b, block in-
dex m

Ensure: Accumulated similarity score R′

1: Calculate the offset pm in K based on the block
id of the m-th block

2: Load key states Km ← K[pm] ∈ Rb×d of
block m

3: Initialize zero-out tag z ∈ R1×b ← 0
4: for i = N − 1 to 0 do
5: Calculate the offset pi in K based on the

block id of the i-th block
6: Load key states Ki ← K[pi] ∈ Rb×d of

block i
7: Compute cosine similarity: C =

Ki·K⊤
m

∥Ki∥2·∥Km∥T2
∈ Rb×b

8: if i = m then
9: Mask diagonal of C← 0

10: end if
11: Identify the last element > p in the column

of C, ensure that the corresponding tag in z
for this column is 0, and set this element to 0

12: Update the tag corresponding in zm to 1
where such element were zero out

13: C′ ∈ Rb×1 ← Row-wise accumulate C
14: save the result to R′[i,m]← C′

15: end for

last high-threshold similarity in each column, we 898

maintain a zero-out tag to track whether the last 899

similarity score exceeding the threshold in each col- 900

umn has been zeroed out. If a column has not been 901

zeroed out, the last value in the block that exceeds 902

the threshold is set to 0, and the corresponding zero- 903

out tag will be set. The detailed process is shown in 904

Algorithm 3. Finally, we perform sequential accu- 905

mulation to obtain
∑N−1

m=0 R
′[:,m], and then apply 906

length normalization and Softmax to compute R. 907

The flash redundancy score reduces the mem- 908

ory complexity to O(N2 × b). By partitioning 909

the matrix multiplication into smaller blocks, the 910

intermediate similarity scores and zero-out tags 911

are temporarily stored using registers and shared 912

memory. Only the accumulated results need to be 913

written to R′ in the global memory. In the previous 914

example, the activation size of the flash redundancy 915

score is approximately N2

2 MB, which is 1
256 of the 916

original implementation. 917

An even more aggressive implementation exists, 918
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Figure 12: This figure illustrates the computation of flash redundancy score. The green blocks represent data stored
in global memory, i.e., activations. The results of other computations, shown in different colors, are temporarily
stored using registers or shared memory. This approach has a computational complexity of O(N2 × b2) and a
memory complexity of O(N2 × b).

where the accumulated activations for similarity919

scores only require O(N × b) memory space. This920

approach involves directly accumulating the results921

of Ki·(K1;...;KN )⊤

|Ki|2·|K1;...;KN |⊤2
∈ Rb×(bN). However, due to922

the limited capacity of registers and shared mem-923

ory, only small-scale matrix operations, such as924

16× 64, can be performed at a time. Large matrix925

computations require the kernel to execute addi-926

tional iterations, which reduces the overall level of927

parallelism. Our current implementation adopts a928

balanced approach, trading off between memory929

usage and parallelism.930

C.6 KV Cache Compression931

After obtaining the final scores, we first set the932

scores corresponding to the observation window933

to +∞. The kernel implementation for this step is934

relatively straightforward and will not be discussed935

in detail. Subsequently, we generate a top-k tag936

T ∈ RN×b (k = (Nmax−1)× b), where the tag of937

k KV cache entries with the highest scores along938

the sequence dimension are marked as 1, while939

the remaining entries are marked as 0. The top-k940

tagging is implemented using PyTorch’s built-in941

interfaces. Based on the top-k tag, we reorganize942

the KV cache placement to ensure that the retained943

KV cache entries are densely packed in memory.944

The algorithm for the compression process is945

shown in Algorithm 4. Simply put, it is based946

on the movement of data in memory using two947

pointers. In total, it requires (Nmax − 1)× b reads 948

and writes to the KV cache. 949

It should be noted that when using the global 950

score, the historical scores stored in F also need to 951

be moved correspondingly to correctly match the 952

associated KV cache entries. The process is similar 953

to Algorithm 4, but the amount of data moved each 954

time is reduced from d to 1. 955

C.7 Lightning Redundancy 956

The previous sections have introduced all the op- 957

erations involved in the compression process. We 958

visualized the average execution time of each op- 959

eration during inference with Qwen3 8B on the 960

AMC 23 benchmark, as shown in Figure 13 (non- 961

asynchronous compression) and Figure 14 (asyn- 962

chronous compression), with the red bars repre- 963

senting the execution time. It is evident that the 964

computation of redundancy scores is the bottleneck 965

in the compression process, requiring 1-2 orders of 966

magnitude more time than other operations. This is 967

due to its computational complexity ofO(N2×b2), 968

which is nearly equivalent to the complexity of at- 969

tention computation during prefilling. 970

To accelerate the compression process, we pro- 971

pose a novel lightning redundancy score. Specifi- 972

cally, since highly similar representations exhibit 973

locality in the sequence space (Lee et al., 2025), 974

meaning that the hidden representation of a token 975

is more similar to those of nearby tokens, this phe- 976

nomenon may be attributed to the attention mecha- 977
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Algorithm 4 KV Cache Compression

Require: Key and Value cache tensors K,V,
block size b, number of blocks N , top-k tag
F ∈ {0, 1}N×b

Ensure: Compressed K, V
1: Initialize read offset pr and write offset pw to

the first slot of the first block
2: ℓ← 0, s← 0, i← 0
3: while i < N do
4: if F[i][ℓ mod b] = 1 then
5: Load key vector k← K[pr] ∈ R1×d

6: Load value vector v← V[pr] ∈ R1×d

7: Store k to K[pw]
8: Store v to V[pw]
9: s← s+ 1

10: if s mod b = 0 then
11: Move pw to the first slot of the next

block
12: else
13: Increase pw to the next slot
14: end if
15: end if
16: ℓ← ℓ+ 1
17: if ℓ mod b = 0 then
18: Move pr to the first slot of the next

block
19: i← i+ 1
20: else
21: Increase pr to the next slot
22: end if
23: end while

nism focusing more on tokens in close proximity978

(Tan et al., 2024; Chen et al., 2024). Based on this979

observation, we propose computing similarity only980

between keys within the same block and zeroing981

out only the last similarity score in each column982

that exceeds the threshold within the block. We983

refer to this approach as the lightning redundancy984

score, and Figure 15 illustrates its calculation pro-985

cess.986

The lightning redundancy score reduces the com-987

putational complexity to O(N × b2) and the mem-988

ory complexity to O(N × b). As illustrated by the989

blue bars in Figure 13 and Figure 14, the compu-990

tation time for the lightning redundancy score is991

significantly reduced. Figure 16 further presents992

the average decoding time and compression time993

under both asynchronous and non-asynchronous994

compression settings. It is evident that the light-995

ning redundancy score decreases the compression996
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Figure 13: The average execution time of different oper-
ations when asynchronous compression is disenabled.
A value of 0.0 indicates that the average execution time
is less than 0.1 milliseconds.
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time to a level comparable to that of single-step 997

decoding, without impacting the asynchronously 998

executed decoding process. In contrast, the flash 999

redundancy score, due to its substantial compu- 1000

tational overhead, intensifies resource contention 1001

with the decoding threads, leading to an increase in 1002

average decoding time. 1003

λ 0.05 0.1 0.2 0.5 0.9

Flash 80.78 82.96 84.37 84.53 77.81
Lightning 83.59 84.84 84.84 84.21 75.00

Table 3: Qwen3 8B on AMC 23

Finally, we compare the performance of the two 1004

different redundancy scores under various hyper- 1005

parameters λ. As shown in Table 3 and Table 1006

4, in most cases, the lightning redundancy score 1007

achieves even better performance. 1008

C.8 Combining All These Techniques 1009

In this section, we aim to combine the previously 1010

discussed methods. G-KV (Liao et al., 2025) has 1011

attempted to integrate the global score and the re- 1012

dundancy score. However, due to the use of max 1013

normalization for the scores, it required re-tuning 1014
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the hyperparameter λ, making it more sensitive to1015

parameter selection. In our approach, we eliminate1016

the max normalization. Additionally, the redun-1017

dancy score is ultimately calculated as a distribu-1018

tion via softmax. We observed that this distribution1019

is relatively uniform, especially in the shallow lay-1020

ers, where the differences between scores are mini-1021

mal. To address this, we introduce a temperature1022

parameter τ for the softmax computation of the re-1023

dundancy score, which amplifies highly redundant1024

scores.1025
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Figure 17: pass@1 performance for Qwen3 8B and DS
Llama 8B under diffirent λ and τ .

For the joint search of λ and τ (α = 0.8 for1026

global score), the experimental results are shown1027

in Figure 17. The temperature has a significant1028

impact on Qwen3 8B; as λ increases, representing a1029

λ 0.05 0.1 0.2 0.5 0.9

Flash 82.96 82.03 83.59 78.59 74.21
Lightning 80.62 85.15 85.00 80.78 73.90

Table 4: DS-Llama 8B on AMC 23

higher proportion of the global score, lowering the 1030

temperature often yields better results. However, 1031

for DS Llama 8B, the final performance is less 1032

sensitive to the relationship between λ and τ . 1033
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Figure 18: Comparison under different KV budgets
for Qwen3 8B and DS Llama 8B, using global and
redundancy scores versus redundancy-only scores.

Figure 18 presents the ablation study on the use 1034

of the global score. For the Qwen3 8B model, the 1035

global score provides significant benefits. However, 1036

for DS Llama 8B, when the budget is sufficient 1037

(2048), not using the global score can even yield 1038

better results. 1039

Model w/o pooling pooling once w/ pooling

Qwen3 8B 87.10 87.03 80.85
DS Llama 8B 84.21 83.20 84.53

Table 5: Comparison of pooling strategies for LLaMA-
8B and Qwen-8B.

Finally, we evaluate the impact of max pooling. 1040

We use three settings: no pooling at all, pooling 1041

only during the first compression, and pooling dur- 1042

ing every compression step. As shown in Figure 1043

5, for DS Llama 8B, the performance across all 1044

settings is relatively similar. However, for Qwen3 1045

8B, performing pooling at every compression step 1046

leads to a significant drop in performance. 1047

Although pooling does not show significant im- 1048

provements in this scenario, it has proven to be ef- 1049

fective in settings based solely on attention scores. 1050

The effectiveness of pooling may stem from its 1051

ability to retain some important tokens that are 1052

temporarily not attended to by the observation win- 1053

dow. The global score serves a similar purpose, 1054
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but demonstrates better performance. Introducing1055

pooling alongside the global score may, in fact,1056

hinder the eviction of less important KV cache en-1057

tries. However, since the first compression step1058

lacks global scores, pooling can still play a useful1059

role. Therefore, we recommend using pooling at1060

first compression.1061

Based on the aforementioned results, we recom-1062

mend the configuration of λ = 0.2, τ = 0.4, and1063

α = 0.8, with pooling applied only during the first1064

compression step. Although these suggestions are1065

derived from evaluations on a single dataset and1066

therefore have limited generalizability, they have1067

already achieved relatively optimal performance.1068

D Additional Information of Ablation1069

Experiments1070

In this section, we provide additional information1071

during the inference process, such as the number of1072

running requests, the number of waiting requests,1073

and block utilization rates.1074
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Figure 19: Number of running requests during infer-
ence.

Figure 19 illustrates the number of running re-1075

quests during inference. As shown in Figure 19 1076

(b), without hybrid scheduling, the number of run- 1077

ning requests remains at or below the maximum 1078

concurrency. In contrast, with hybrid scheduling 1079

enabled, the concurrency starts very high due to 1080

a large number of requests requiring only short 1081

responses. Figure 19 (c) compares the impact of 1082

enabling prefix caching. With prefix caching, the 1083

concurrency quickly reaches a high level, whereas 1084

without prefix caching, the concurrency increases 1085

more gradually. 1086
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Figure 20: Number of waiting requests during inference.

Figure 20 illustrates the number of waiting re- 1087

quests during inference. When the waiting queue 1088

is non-empty, the inference engine operates at full 1089

scheduling capacity. In this case, the slope of the 1090

waiting request curve indicates the request pro- 1091

cessing speed. Asynchronous compression, hybrid 1092

scheduling, and prefix caching all provide signifi- 1093

cant acceleration. 1094

Figure 21 illustrates the real-time throughput 1095

during inference. Under request saturation, asyn- 1096

chronous compression, hybrid scheduling, and pre- 1097

fix caching deliver significant throughput improve- 1098
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Figure 21: Throughput during inference.

ments across various scenarios.1099

As previously mentioned, constrained schedul-1100

ing limits concurrency, resulting in some blocks1101

being underutilized. Figure 22 further illustrates1102

the block utilization rate. On the mixed workload,1103

which includes many requests with both short in-1104

puts and outputs, this underutilization becomes1105

more pronounced, with less than half of the blocks1106

being utilized most of the time.1107

E Additional Information of Comparison1108

with PagedAttention1109

In this section, we provide additional comparative1110

information between Zipage and Nano-vLLM.1111

First, Figure 23 illustrates the number of running1112

and waiting requests during inference on AMC231113

using the Qwen3 model with different inference en-1114

gines. The figure shows that the number of running1115

requests in Nano-vLLM exhibits periodic fluctua-1116

tions, consistent with the throughput variations in1117

Figure 7 (a), while the step decoding time Figure1118

in 7 (b) remains nearly constant. This indicates1119

that the primary factor limiting throughput is con-1120
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Figure 22: Block occupancy during inference.

currency, or more specifically, constrained concur- 1121

rency caused by limited memory. In contrast to 1122

Nano-vLLM, Zipage maintains consistently high 1123

throughput throughout because, under the Zipage 1124

framework, the maximum memory usage per re- 1125

quest is capped at a predefined limit, rather than 1126

continuously growing as the sequence length in- 1127

creases. 1128

Figure 24 illustrates the number of running and 1129

waiting requests during inference on the mixture 1130

of GSM8K and AMC 23 using the Qwen3 model 1131

with different inference engines. In this mixed 1132

workload, the initial performance of Zipage and 1133

Nano-vLLM is very similar, as short-response re- 1134

quests dominate at the beginning. However, as 1135

long-response requests occupy a large number of 1136

KV cache blocks, requests in Nano-vLLM’s wait- 1137

ing queue experience longer delays, significantly 1138

increasing total execution time and reducing TPS. 1139

Figure 25 illustrates the number of running and 1140

waiting requests during inference on LongBench 1141

using the Qwen3 model with different inference 1142

engines. We observe that both throughput and the 1143

number of running requests are higher with Zipage. 1144

However, the total time taken by Zipage to com- 1145

plete inference is slightly longer, likely due to some 1146

excessively long outputs. While the average output 1147

length on LongBench is only 400 tokens, occa- 1148

sional requests may produce significantly longer 1149

outputs, which can substantially impact the total 1150

time. 1151

18



0 2000 4000 6000 8000 10000
Time (s)

0

250

500

750

1000

1250

nu
m

be
r o

f r
un

ni
ng

 re
qu

es
ts

Reasoning on AMC 23
zipage
nano-vllm

(a)

0 2000 4000 6000 8000 10000
Time (s)

0

200

400

600

800

1000

nu
m

be
r o

f w
ai

tin
g 

re
qu

es
ts

Reasoning on AMC 23
zipage
nano-vllm

(b)

Figure 23: The number of running and waiting requests
during inference during inference on AMC23.

F Experiments on Models of Different1152

Scales.1153

In this section, we report experimental results for1154

Qwen3 models of different sizes. For all exper-1155

iments, Zipage uses a budget of 2048. Figure1156

26 presents the TPS and pass@1 metrics for in-1157

ference on AMC23 under the Zipage and Nano-1158

vLLM frameworks. Across all model sizes, Zipage1159

achieves significant throughput improvements. Ad-1160

ditionally, the performance exceeds 95% of Full1161

KV for all sizes except 14B, which is slightly below1162

95%.1163

Real-time throughput, average decoding time1164

per step, and the proportion across different con-1165

currency ranges for the 0.6B, 14B, and 32B models1166

are shown in Figures 27, 28, and 29, respectively.1167

Figure 30 provides details for the DS Llama 8B1168

model.1169
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Figure 24: The real-time throughput, number of running
and waiting requests during inference during inference
on the mixture of GSM8K and AMC 23.
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Figure 25: The real-time throughput, number of running
and waiting requests during inference during inference
on LongBench.
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Figure 26: TPS and pass@1 performance across differ-
ent model sizes. TP=2 indicates that the model is run
on two GPUs using tensor parallelism, while all other
experiments are conducted on a single GPU by default.
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Figure 27: The figure shows Qwen3 0.6B’s performance
using Zipage or Nano-vLLM on AMC 23, including:(a)
real-time throughput, (b) per-step real-time decoding
time, (c) average per-step time at different concurrency
range, (d) and the ratio of steps to total steps under
different concurrency range.
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Figure 28: The figure shows Qwen3 0.6B’s performance
using Zipage or Nano-vLLM on AMC 23, including:(a)
real-time throughput, (b) per-step real-time decoding
time, (c) average per-step time at different concurrency
range, (d) and the ratio of steps to total steps under
different concurrency range.
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Figure 29: The figure shows Qwen3 32B’s performance
using Zipage or Nano-vLLM on AMC 23, including:(a)
real-time throughput, (b) per-step real-time decoding
time, (c) average per-step time at different concurrency
range, (d) and the ratio of steps to total steps under
different concurrency range. (Tensor parallelism = 2)
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Figure 30: The figure shows DS Llama 8B’s perfor-
mance using Zipage or Nano-vLLM on AMC 23, in-
cluding:(a) real-time throughput, (b) per-step real-time
decoding time, (c) average per-step time at different
concurrency range, (d) and the ratio of steps to total
steps under different concurrency range.
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