
Efficient Long-Context LLM Inference on the Edge with Hierarchical KV
Eviction using SmartSSD

Anonymous ACL submission

Abstract001

Deploying Large Language Models (LLMs)002
on edge devices such as Personal Comput-003
ers (PCs) enables low-latency inference with004
strong privacy guarantees, but long-context in-005
ference is fundamentally constrained by lim-006
ited memory and compute resources. Beyond007
model parameters, the key–value (KV) cache008
becomes the dominant bottleneck due to its lin-009
ear growth with context length. Although prior010
work exploits contextual sparsity to evict unim-011
portant KV data, these approaches are largely012
designed for memory-rich platforms and in-013
cur prohibitive data transfer overhead when014
applied to resource-constrained edge devices015
with external storage. In this paper, we propose016
HillInfer, an importance-aware long-context017
LLM inference framework on the edge that018
leverages SmartSSD-assisted hierarchical KV019
cache management. HillInfer jointly manages020
KV cache pools across the CPU and SmartSSD,021
and performs in-storage importance evaluation022
to reduce unnecessary data movement. Further-023
more, we design an adaptive, prefetch-based024
pipeline that overlaps computation and KV data025
transfer across GPU, CPU, and SmartSSD, min-026
imizing end-to-end inference latency without027
sacrificing accuracy. We implement HillInfer028
on a PC with a commodity GPU, and experi-029
ments across multiple models and benchmarks030
demonstrate up to 8.56 × speedup over base-031
lines while preserving model accuracy.032

1 Introduction033

Large Language Models (LLMs) (Zhao et al., 2023;034

Chang et al., 2024; Minaee et al., 2024; Naveed035

et al., 2025; Li et al., 2024; Friha et al., 2024) are036

transforming artificial intelligence by demonstrat-037

ing exceptional capability in understanding natural038

language and supporting a wide range of language-039

centric downstream tasks (Isik et al., 2024; Wei040

et al., 2021; Oyelade et al., 2025). In practice, many041

of these tasks rely on prompts that inherently in-042

volve sensitive information, such as personal medi-043

cal records, proprietary creative content, and confi- 044

dential business data, etc. This privacy concern has 045

driven a growing trend toward deploying LLMs on 046

edge devices, such as Personal Computers (PCs), 047

giving rise to edge-based LLM inference (Cai et al., 048

2024; Yu et al., 2024; Lu et al., 2024). 049

However, the limited memory capacity and com- 050

putational resources of edge devices pose funda- 051

mental challenges to efficient LLM deployment 052

(Tian et al., 2025; Yin et al., 2026). Even worse, the 053

growing complexity and diversity of downstream 054

tasks increasingly require LLMs to process longer 055

input contexts (Liu et al., 2024; Sun et al., 2025; 056

Lin et al., 2024). As a result, beyond the memory 057

occupied by model parameters, the KV cache (Li 058

et al., 2024), whose memory footprint grows lin- 059

early with the input context length, becomes the 060

primary memory bottleneck in long-context LLM 061

inference on edge devices (Sun et al., 2025; Zhang 062

et al., 2025; Hooper et al., 2025). As illustrated in 063

Figure 2a, inference with the Qwen-7B (Bai et al., 064

2023) model under a 4K context and batch size 065

of 8 consumes approximately 30 GB of memory, 066

surpassing the 24 GB GPU memory capacity of 067

the high-end commodity GPU such as the NVIDIA 068

RTX 4090, with the majority of this overhead at- 069

tributed to the KV cache. 070

Limitations of Prior Arts. Inspired by the Trans- 071

former architecture and linguistic characteristics 072

(Vaswani et al., 2017; Beltagy et al., 2020; Levy 073

and Goldberg, 2014), long-context inputs exhibit 074

a high degree of sparsity, where only a small sub- 075

set of tokens, which is usually less than 20% (Sun 076

et al., 2025; Lee et al., 2024; Tang et al., 2024), 077

plays a critical role in attention computations (Belt- 078

agy et al., 2020). Existing H2O-like (Zhang et al., 079

2023) approaches leverage this observation by esti- 080

mating token importance and selectively retaining 081

the KV data of important tokens on the GPU for 082

computation, while evicting less important KV data 083

in each autoregressive decoding step (Lee et al., 084
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2024; Zhang et al., 2023; Zhao et al., 2024; Gao085

et al., 2024; Tang et al., 2024; Liu et al., 2023; Ju-086

ravsky et al.; Ye et al., 2024; Zheng et al., 2024).087

However, these methods are primarily designed088

for industrial-grade GPUs with large memory ca-089

pacity and typically perform KV cache offloading090

only between the GPU and the host CPU. How-091

ever, on memory-constrained edge devices, the KV092

cache generated by long-context inference can eas-093

ily exceed the combined capacity of GPU and CPU094

memory, necessitating offloading to external stor-095

age. For example, as shown in Figure 2a, inference096

with the Llama2-13B (Huang et al., 2023) model097

on a 4K context requires approximately 51 GB of098

memory, far exceeding the memory limits 44GB099

of a typical PC equipped with a 12 GB commodity100

GPU (RTX 3080) and 32 GB CPU memory.101

Moreover, several studies have explored lever-102

aging external storage to assist KV cache manage-103

ment (Sun et al., 2025; Sheng et al., 2023; Chen104

et al., 2025); however, they still suffer from sub-105

stantial data transfer latency due to the limited106

bandwidth of conventional storage devices when107

performing token importance evaluation in each108

decoding step. For example, as shown in Figure 3,109

the KV data transfer latency of the SSD increases110

significantly with the input context length and even-111

tually becomes the dominant bottleneck in infer-112

ence latency. In summary, existing approaches are113

fundamentally constrained by the absence of in-114

storage computation support, forcing KV data to115

be repeatedly transferred between the SSD and host116

for token importance evaluation, which introduces117

significant and unavoidable data transfer latency.118

Enhancement Opportunity. Fortunately, recent119

studies (Tian et al., 2024; Pan et al., 2025; Liang120

et al., 2022; Kim et al., 2022; Kang et al., 2013; Lee121

et al., 2020) have demonstrated the effectiveness122

of the Computational Storage Devices (CSDs, e.g.,123

SmartSSD (Samsung Semiconductor)) in accelerat-124

ing vector search and data processing by enabling125

in-storage computation, highlighting their easy126

installation and strong potential for importance-127

aware hardware acceleration in LLM inference. Un-128

like traditional SSD-centric approaches (Sun et al.,129

2025; Sheng et al., 2023; Chen et al., 2025) that130

repeatedly move data between host memory and131

storage devices, SmartSSDs embrace Near Data132

Processing (NDP) by executing computations lo-133

cally on on-board DRAM and FPGAs, significantly134

reducing host–SSD data transfer. With CSDs, KV135

cache data residing on the SSD can be directly136

evaluated for importance using on-board FPGAs, 137

eliminating the need to transfer this data back to 138

the host. This in-storage importance evaluation 139

substantially reduces data transfer latency. 140

Challenges. However, integrating the CSD into 141

importance-aware KV eviction workloads is non- 142

trivial and raises multiple algorithm- and system- 143

level challenges. First, token importance is query- 144

dependent (Sun et al., 2025; Lee et al., 2024; Tang 145

et al., 2024), meaning that it varies across decod- 146

ing steps. This dynamic behavior leads to frequent 147

KV cache updates and inter-step data transfer. Un- 148

der such conditions, a straightforward KV manage- 149

ment strategy may still incur frequent ping-pong 150

data movement between the CSD and the CPU, 151

offsetting the benefits of in-storage computation. 152

Thus, how to jointly manage KV data and perform 153

importance evaluation across the CSD and CPU 154

becomes a significant challenge. Second, although 155

the CSD introduces in-storage computation capabil- 156

ity, the relatively limited SSD bandwidth remains 157

a bottleneck for data transfer. As a result, effec- 158

tively coordinating computation and data transfer 159

among GPU, CPU, and CSD, and designing an effi- 160

cient system-level pipeline to minimize end-to-end 161

latency, poses another significant challenge. 162

In this paper, we propose HillInfer, an efficient 163

long-context LLM inference framework on the 164

edge that presents a hierarchical KV cache eviction 165

strategy and adaptive pipeline using SmartSSD, 166

to tackle these two challenges. Specifically, to 167

tackle the first challenge, we design a hierarchi- 168

cal KV cache manager with SmartSSD, which 169

jointly manages KV cache pools on the CPU and 170

SmartSSD. During bidirectional cache placement 171

and eviction across these two pools, we compre- 172

hensively consider temporal locality, token impor- 173

tance, and cache hit rate, thereby minimizing ex- 174

cessive ping-pong data movement between devices. 175

To address the second challenge, we propose a 176

layer-wise, adaptive prefetch-based pipeline. The 177

pipeline adaptively coordinates the proportion of 178

importance evaluation performed on SmartSSD and 179

CPU, enabling effective overlap between computa- 180

tion for layer i and KV data transfer for layer i+1, 181

to hide importance evaluation and data transfer la- 182

tency. We implement HillInfer with Python code, 183

based on an offloading-based framework (Sheng 184

et al., 2023), and develop HLS-based C++ code 185

on the FPGA unit. The main contributions of this 186

paper are summarized as follows: 187

(1) We propose HillInfer, to the best of our 188
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knowledge, the first edge-based long-context189

LLM inference framework that enables hierarchi-190

cal importance-aware KV cache eviction using191

SmartSSD, effectively reducing inference latency192

while preserving model accuracy.193

(2) We design a hierarchical KV cache manager194

assisted by SmartSSD with bidirectional KV cache195

pools, along with a system-level adaptive prefetch-196

based pipeline, to minimize ping-pong data move-197

ment and further reduce inference latency.198

(3) We implement HillInfer based on an199

offloading-based LLM inference framework and de-200

velop an HLS-based FPGA program on SmartSSD201

to support in-storage importance evaluation.202

(4) We conduct extensive experiments across203

multiple models and datasets, demonstrating that204

HillInfer achieves up to 8.56 × speedup over prior-205

art baselines without sacrificing model accuracy.206

2 Background and Motivations207

2.1 LLM Inference208

LLM inference consists of two phases: prefilling209

and decoding. In the prefilling phase, the tokenized210

input prompt is processed in a single forward pass211

to initialize the model states. During decoding,212

the model generates tokens autoregressively, where213

each newly generated token is appended to the214

context and used to predict the next token until215

an end-of-sequence token or the maximum length216

is reached. Modern LLMs are typically built on217

transformer decoders, where each layer comprises218

(multi-head) self-attention and a feed-forward net-219

work. Given an input sequence, hidden states are220

linearly projected into Query (Q), Key (K), and221

Value (V) tensors, and attention is applied to cap-222

ture contextual dependencies. Multi-head attention223

further improves model capacity by attending to224

multiple semantic subspaces in parallel.225

During autoregressive decoding, recomputing226

attention over all previous tokens at each step in-227

curs quadratic complexity and leads to prohibitive228

latency as the context length grows. To mitigate229

this cost, modern LLMs adopt KV caching, which230

stores Key and Value tensors from previous steps231

and reuses them for subsequent attention computa-232

tion, significantly improving decoding efficiency.233

However, the KV cache grows linearly with the234

context length and the number of decoder layers,235

quickly becoming the dominant memory consumer.236

On resource-constrained edge devices with limited237

GPU and host memory, this rapidly expanding KV238

cache becomes the primary bottleneck for long- 239

context inference.

1

CPU

GPU

Traditional Computing 
Architecture with SSD

PCIe

PCIe

CSD-Assisted Computing 
Architecture 

PCIe

SSD CSD

FlashCtlr Flash
Ctlr

PFGA

CPU

GPU
PCIe

SmartSSD

Host
PCIe

SSD
Controller

NAND

PFGA
(KU15P)

FPGA
DRAM

PCIe SwitchFPGA&DRAM 
Read/Write

(R/W)

SSD 
R/W

Figure 1: SSD-based Arch. vs. CSD-Assisted Arch. 240

2.2 Computational Storage 241

A Computational Storage Device (CSD) (Samsung 242

Semiconductor) is based on the principle that pro- 243

cessing data close to where it is stored is more effi- 244

cient than transferring it to the host for computation. 245

By integrating computing units into storage devices, 246

CSDs enable near-data processing (NDP), reduc- 247

ing data movement between storage and the host 248

CPU and alleviating PCIe bandwidth contention. 249

In traditional architectures, all devices share the 250

host PCIe bus, making system performance con- 251

strained by PCIe bandwidth. In contrast, CSD- 252

enabled systems process data locally within each 253

storage device via internal PCIe switches, allowing 254

better scalability as more CSDs are added. 255

Commercial CSDs, such as Samsung SmartSSD 256

(Samsung Semiconductor), integrate on-board 257

DRAM and FPGA units to support in-storage com- 258

putation and data access, as illustrated in Figure 1. 259

The on-board DRAM acts as a cache for NAND 260

flash and can be accessed by both the FPGA and 261

the host CPU. While the host interacts with the 262

SmartSSD via standard I/O interfaces and can of- 263

fload computation to the device, data movement 264

between NAND flash and the FPGA is handled 265

internally through P2P transfers over the internal 266

PCIe switch, further reducing host involvement. 267

2.3 Exploring Existing Techniques 268

For long-context LLM inference, a series of com- 269

mon approaches leverage contextual sparsity to 270

estimate token importance and selectively evict 271

KV cache entries associated with less important 272

tokens (Zhang et al., 2023; Lee et al., 2024; Zhao 273

et al., 2024; Gao et al., 2024; Tang et al., 2024). 274

However, these approaches largely rely on two- 275

level GPU–CPU KV offloading and are evalu- 276

ated on testbeds with industrial-grade GPUs and 277

large memory capacity. On resource-constrained 278

edge devices, as shown in Figure 2, increasing the 279

context length or batch size can cause excessive 280

3



1K 4K 8K 16K
Context Length

0

25

50

75

100

125
To

ta
l M

em
or

y 
(G

B
)

Memory Components
Qwen-7B Model Params
Qwen-7B KV Cache
Llama2-13B Model Params
Llama2-13B KV Cache

(a) Memory usage with batch
size = 8, varying context
lengths.

BS=1 BS=4 BS=8 BS=12
Batch Size

0

15

30

45

60

To
ta

l M
em

or
y 

(G
B

)

Memory Components
Qwen-7B Model Params
Qwen-7B KV Cache
Llama2-13B Model Params
Llama2-13B KV Cache

(b) Memory usage with con-
text length = 4K, varying
batch sizes.

Figure 2: Memory usage analysis for Qwen-7B and
Llama2-13B models with full KV cache. (a) shows how
memory increases with context length at a fixed batch
size of 8. (b) shows how memory scales with batch size
at a fixed context length of 4K.

KV cache growth, leading to host out-of-memory281

(OOM). Even with memory pooling, recomputing282

evicted KV entries introduces additional computa-283

tion latency and prevents effective KV eviction.284

In addition, other approaches leverage external285

storage (e.g., SSD) to assist KV cache manage-286

ment (Sun et al., 2025; Sheng et al., 2023; Chen287

et al., 2025), but they suffer from significant data288

transfer latency during token importance evaluation289

due to the limited bandwidth of the SSD. Figure290

3a shows that transfer latency increases with the291

context length, and becomes more pronounced as292

a larger fraction of the KV cache is stored on the293

SSD. As illustrated in Figure 3b, during each de-294

coding step, transferring KV data between the SSD295

and host for token importance evaluation dominates296

latency and results in significant GPU idle periods.297

In summary, the above existing approaches can-298

not be directly applied to resource-constrained edge299

devices for long-context LLM inference. To ad-300

dress this, we propose a CSD-assisted inference ac-301

celeration framework, HillInfer, which overcomes302

the key challenges associated with leveraging com-303

putational storage devices.304

3 System Design of HillInfer305

In this section, we detail the designs of HillInfer.306

We first describe the system architecture and work-307

flow (Sec. 3.1), followed by the hierarchical KV308

cache manager with SmartSSD (Sec. 3.2). Finally,309

we present an adaptive prefetch-based pipeline co-310

ordinating CPU, GPU, and SmartSSD (Sec. 3.3).311

3.1 System Overview312

We present HillInfer, an efficient long-context LLM313

inference framework on the edge that leverages314

SmartSSD for hierarchical KV eviction and adap-315

tive system-level pipeline.316
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Figure 3: KV Cache Transfer Latency Analysis: (a) It
shows the transfer time from SSD to GPU/CPU for 20%
(blue) and 30% (red) of full KV cache across different
context lengths for token evaluations at a batch size of
8 using Qwen-7B; (b) The illustration of the overhead
of KV Cache transfer latency.

System Framework. Figure 4 illustrates the sys- 317

tem framework of HillInfer, which consists of a 318

GPU, a CPU, and a SmartSSD. The GPU stores 319

model weights, activations, and important KV data, 320

and performs LLM inference, including prefilling 321

and decoding stages. The CPU maintains a large 322

portion of the KV cache and partial model weights 323

(larger model), and is responsible for token im- 324

portance evaluation, KV cache management, and 325

pipeline coordination. The SmartSSD stores the 326

left of KV data and leverages its on-board FPGA 327

to perform near-data token importance evaluation. 328

System Workflow. In detail, as show in Figure 329

4, the GPU first executes the prefilling stage and 330

caches the generated KV data on the CPU. Dur- 331

ing decoding, the KV data of newly generated to- 332

kens, together with the current query, are sent to 333

both the CPU and the SmartSSD. The CPU and 334

SmartSSD then independently evaluate token im- 335

portance based on the current query. The CPU 336

aggregates the evaluation results, selects impor- 337

tant KV data, and prefetches them to the GPU for 338

subsequent computation. Finally, the CPU and 339

SmartSSD perform bidirectional KV cache update 340

to maintain the KV cache pools. 341

3.2 Hierarchical KV Cache Manager with 342

SmartSSD. 343

Hierarchical Importance Evaluation (HIE). In 344

existing KV eviction schemes, importance evalu- 345

ation is typically performed on the CPU, which 346

requires transferring KV data from other devices to 347

the CPU, incurring significant data movement la- 348

tency. HillInfer instead leverages the FPGA on the 349

SmartSSD to perform near-data importance evalu- 350

ation, thereby reducing unnecessary KV transfers. 351

However, such hierarchical importance evaluation 352

needs to coordinate computation and data move- 353
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ment between the CPU and the SmartSSD.354

As illustrated in Figure 5 (a), the SmartSSD355

and the CPU perform token importance evalu-356

ation in parallel. After evaluating a batch of357

n tokens, the SmartSSD aggregates their impor-358

tance scores into a Score Block, represented as359

<Token pos, Score>, and immediately trans-360

fers the block to the CPU. The CPU incrementally361

merges and sorts the received scores with its local362

results. Once all tokens are evaluated, the CPU363

selects important token IDs and requests the corre-364

sponding KV data from the SmartSSD for merging.365

As illustrated in Figure 5 (b), without HIE, merg-366

ing the token importance scores computed by the367

SmartSSD and the CPU, as well as transferring the368

selected important KV data, would introduce sub-369

stantial additional latency. HIE hides the latency of370

Score Blocks transfer and merging by overlapping371

them with parallel computation on both devices,372

thereby significantly reducing the overall token im-373

portance evaluation overhead.374

Bidirectional KV Cache Pools (BKP). Since to-375

ken importance is query-dependent at each decod-376

ing step (Sun et al., 2025; Lee et al., 2024; Tang377

et al., 2024), naive eviction strategies often trig-378

ger excessive ping-pong data movement. To ad-379

dress this, HillInfer maintains two hierarchical KV380

cache pools on the CPU and the SmartSSD (Fig-381

ure 4), and performs bidirectional KV pool update382

after each decoding step to maintain stable KV383

placement across devices. Our goal is to minimize384

the fraction of important KV data residing on the385

SmartSSD, thereby avoiding frequent ping-pong386

data movement between the CPU and SmartSSD387

for KV data that is repeatedly identified as impor-388

tant across decoding steps.389

Specifically, besides token importance, we also390
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Figure 5: The Workload and Pipeline of HIE.

consider temporal locality and KV cache hit rate. 391

First, within a decoding step, tokens closer to the 392

current step tend to be more important (Zhao et al., 393

2024). We therefore keep the KV cache of the most 394

recent α ·N steps in the CPU, avoiding transferring 395

it to the SmartSSD, where N denotes the context 396

length, and α is an importance rate hyperparameter 397

set by the user (typically 10% ∼ 20% in our ex- 398

periment). Second, some tokens may not exhibit 399

strong importance but have a high cache hit rate. 400

To prevent frequent ping-pong data movement, we 401

maintain a KV cache hit rate table and keep the 402

top-α fraction of KV data in the CPU, avoiding 403

their transfer to the SmartSSD. Finally, during the 404

maintenance of the cache hit rate table, if any of the 405

top-α fraction of KV data reside on the SmartSSD, 406

they are transferred back to the CPU. To maintain 407

balance, an equal number of the lowest-ranked KV 408

data in the table are simultaneously moved from 409

the CPU to the SmartSSD. 410

3.3 Adaptive Prefetch-based Pipeline 411

Inspired by layer-wise KV data prefetching tech- 412

niques (Lee et al., 2024; Sun et al., 2025), HillInfer 413

overlaps importance evaluation and KV prefetch- 414

ing for layer i+1 while the GPU computes layer 415

i. Despite its benefits, when traditional SSD-based 416

KV eviction schemes are deployed on resource- 417

constrained devices, KV data transfers between 418

the SSD and CPU incur significant transmission 419

latency, leading to substantial GPU idle time, as 420

shown in Figure 6 (a). Although SmartSSD can 421

reduce KV transfer latency by enabling in-storage 422

computation (Figure 6 (b)), naively determining the 423

capacity ratio of KV cache pools on the CPU and 424

SmartSSD still increases the importance evaluation 425

latency and GPU idle time. 426

To address the above issues, we propose an 427

Adaptive Prefetch-based Pipeline (APP), as illus- 428

trated in Figure 6 (c). APP adaptively determines 429

the capacity ratio of the two KV cache pools to ef- 430

fectively hide KV prefetch latency and reduce GPU 431

idle time. Assume that the total amount of KV data 432
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is M . Let fc and fs denote the KV data processing433

average throughput (often limited by memory band-434

width) of the CPU and the SmartSSD, respectively,435

and let Mc, M0, and Ms be the amounts of KV436

data stored in the CPU, the available CPU memory437

threshold, and SmartSSD cache pools, where fc438

and fs are obtained through offline profiling. To439

minimize the GPU idle time, it suffices to configure440

the cache capacity ratio β such that441

Mc

fc
≈ Ms

fs
, Mc < M0 (1)442

which equivalently yields β≈ fc
fs

. This condition443

ensures that token importance evaluation on the444

CPU and SmartSSD can be completed in a nearly445

synchronized manner, allowing GPU computation446

to effectively overlap both token importance evalu-447

ation and KV data prefetching, thereby minimizing448

GPU idle time.449

4 Implementation and Experiments450

4.1 Implementation451

We implement HillInfer by extending the452

offloading-based LLM inference framework Flex453

(Sheng et al., 2023) with 500+ lines of additional454

Python code, while incorporating some codes455

about data movement from the prefetch-based456

framework InfiniGen (Lee et al., 2024). Fur-457

thermore, we developed HLS-based C++ code458

to implement token-level KV cache importance459

evaluation on the FPGA units of the SmartSSD.460

Host–SmartSSD communication is implemented461

using the Xilinx Runtime (XRT) interface (Xilinx,462

Inc.). Our preliminary experiments are built463

upon the Hugging Face Transformers framework464

(Wolf et al., 2019), and HillInfer can be readily465

applied to accelerate most open-source LLMs,466

such as LLaMA (Huang et al., 2023), Qwen (Bai 467

et al., 2023), and OPT, etc., without requiring 468

modifications to model architectures. 469

4.2 Experiments Setting 470

Hardware.To closely reflect realistic PC deploy- 471

ment scenarios, we conduct our experiments on a 472

Ubuntu 22.04 desktop system equipped with an 473

NVIDIA GeForce RTX 4090 GPU, an Intel(R) 474

Xeon(R) Platinum 8352V CPU @ 2.10GHz, 24 475

GB of GPU memory, 64 GB of host memory, and 476

a 300 GB Intel SSD connected via a PCIe 4.0 in- 477

terface. We further employ a Samsung SmartSSD 478

as the computational storage device with Xilinx’s 479

UltraScale+ FPGA, 4 GB DDR4, and 4 TB NAND 480

Flash, providing a peak bandwidth of approxi- 481

mately 4 GB/s, which is connected to the moth- 482

erboard through PCIe, as illustrated in Figure 7. 483

Figure 7: Hardware Architecture of HillInfer.

484

Models. To evaluate the adaptability of HillInfer 485

across different model architectures and scales, 486

we conduct experiments using models from the 487

LLaMA family (Huang et al., 2023) (LongChat 7B 488

and LLaMA 13B), Qwen-7B (Bai et al., 2023), and 489

OPT-6.7B. We set the output length as 128 when 490

inferring these models without special statement. 491

Datasets. For evaluating model inference accu- 492

racy, we use several few-shot tasks from the LM- 493

evaluation-harness benchmark (Gao et al., 2021), 494

including OpenBookQA, RTE, PIQA, COPA, and 495

PG-19 (Rae et al., 2019). To assess long-context 496

inference latency, we conduct experiments using 497

LongBench (Bai et al., 2024). 498

Baselines. We compare HillInfer against four base- 499

line approaches. (1) Full Cache: This baseline 500

retains the entire KV cache without performing 501

any token importance evaluation and is commonly 502

treated as the accuracy-test baseline. (2) H2O- 503

like: This approach adopts a token importance 504

evaluation strategy similar to H2O (Zhang et al., 505

2023) and employs an offloading-based mechanism 506

for KV cache transfer. (3) Prefetch-based (Lee 507

et al., 2024): This baseline follows an InfiniGen- 508

style design, performing importance evaluation and 509
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Figure 8: The accuracy comparison of different frameworks across four datasets and three models under different
relative KV Cache sizes.
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Figure 9: The Inference Latency Comparison with Dif-
ferent Models on PG-19 and LongBench.

prefetching layer-wise KV data from the external510

storage and host memory. (4) LeoAM-like: This511

approach applies the LeoAM method (Sun et al.,512

2025) for token importance evaluation and lever-513

ages the KV-Abstract to optimize KV data transfer.514

Comparison metics. For model accuracy evalua-515

tion, we use Accuracy (%) as the metric. End-to-516

end inference performance is measured using La-517

tency (ms). To assess throughput and acceleration518

effectiveness, we report Speedup (×), respectively.519

All evaluation metrics follow those adopted in prior520

work (Lee et al., 2024; Chen et al., 2025; Sun et al.,521

2025). We set the importance rate α as 0.2 and522

batch size = 8 in our experiment.523

4.3 Main Results524

Model Accuracy. Since LeoAM and prefetch-525

based methods achieve comparable accuracy (Sun526

et al., 2025), for simplicity, we evaluate the527

accuracy of HillInfer across different models528

and datasets against Full Cache, H2O-like, and529

prefetch-based methods. Our results show that530

HillInfer maintains comparable accuracy to these531

baselines, as shown in Figure 8. This demonstrates532

that, while leveraging SmartSSD for inference ac-533
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Figure 10: The Speed Up Comparison with Different
Models on PG-19 and LongBench.

celeration, HillInfer carefully designs BKP and 534

APP to manage KV data offloading rather than in- 535

correctly evicting KV data, thereby avoiding any 536

degradation in model accuracy. In addition, we 537

observe that setting the importance rate between 538

10% and 20% generally yields a favorable trade-off 539

between performance and accuracy. 540

End-to-end Latency and Throughput. We eval- 541

uate the end-to-end latency and throughput of dif- 542

ferent models and batch sizes using LongBench. 543

Compared to the baselines, we find that HillInfer 544

reduces end-to-end latency by 76.25%˘88.32%, as 545

shown in Figure 9. We also observe that HillInfer 546

achieves a speedup of 4.21 ∼ 8.56×, as shown in 547

Figure 10, with more pronounced speed-up gains 548

on datasets with longer context lengths. 549

4.4 System Analysis 550

Ablation Study. Figure 11a illustrates the indi- 551

vidual contributions of Design 1 (HIE&BKP, Sec. 552

3.2) and Design 2 (Sec. 3.3) to HillInfer. Com- 553

pared to the prefetch-based method, +Design1 and 554

Design1&2 achieve varying degrees of inference 555

latency reduction, indicating that both designs con- 556

tribute to lowering inference latency. 557
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Sensitive Analysis. Figure 11b shows the latency558

variation under different values of β. We observe559

that the latency is minimized when β ≈ fc
fs

in this560

experiment setting, which is consistent with the561

design rationale of APP.562

Overhead Analysis. In HIE, HillInfer transfers563

Score Blocks from the SmartSSD to the CPU.564

Each score block only occupies 2n half-precision565

floating-point values (i.e., 4n bytes), which is neg-566

ligible compared to the memory footprint of the567

KV cache. As a result, its transfer latency can be568

fully hidden by computation. In BKP, HillInfer569

maintains a cache hit table with a size of 2N bytes,570

which is negligible compared to the memory foot-571

print of the KV cache.572

5 Related Work573

Long-context LLM Inference Framework. A574

large number of recent works study long-context575

LLM serving in data center networks, with an576

emphasis on resource scheduling and KV cache577

management to improve system throughput and in-578

ference latency (Agrawal et al., 2024; Qin et al.,579

2025; Hooper et al., 2024; Lim et al., 2024; Lin580

et al., 2024; Wu et al., 2024). Many existing581

works also focus on long-context LLM inference on582

single-node GPU with large memory capacity (e.g.,583

A100), demonstrating that inference latency can584

be significantly reduced through algorithm–system585

co-design (Liu et al., 2024; Pan et al., 2025; Yao586

et al., 2025; Zhao et al., 2024; Zhang et al., 2025).587

However, for edge devices with limited resources,588

long-context LLM inference is fundamentally con-589

strained by memory capacity. Some prior works590

explore leveraging external memory, such as SSDs,591

to accelerate inference (Sheng et al., 2023; Sun592

et al., 2025; Chen et al., 2025). Nevertheless, the593

relatively low bandwidth of the SSD means that fre-594

quent data transfers between SSD and host memory595

become the bottleneck in end-to-end latency.596

KV data eviction for LLM Inference. To address597

the memory and computation constraints in long-598

context inference, many prior works exploit the 599

inherent sparsity of long-context inputs. During 600

the decoding phase, these methods evaluate the 601

importance of each token and selectively retain 602

the KV data of important tokens on the GPU for 603

subsequent inference, while evicting less important 604

KV data to the CPU or dropping it entirely (Zhang 605

et al., 2023; Zhao et al., 2024; Tang et al., 2024; Lin 606

et al., 2024; Sun et al., 2025; Gao et al., 2024; Liu 607

et al., 2023; Juravsky et al.; Ye et al., 2024; Zheng 608

et al., 2024). However, directly applying these 609

methods on edge devices often faces fundamental 610

challenges: the limited memory capacity may lead 611

to out-of-memory (OOM) errors, while the low 612

bandwidth of external storage makes frequent KV 613

data transfers the dominant bottleneck to end-to- 614

end inference latency. 615

LLM optimization using CSD. Recently, sev- 616

eral studies have focused on employing CSDs, 617

e.g., SmartSSDs, to accelerate LLM-related work- 618

loads such as vector search (Tian et al., 2024; 619

Liang et al., 2022; Kim et al., 2022; Niu et al., 620

2024) and data processing (Kang et al., 2013; Lee 621

et al., 2020; Soltaniyeh et al., 2022; Salamat et al., 622

2021), and inference (Pan et al., 2025; Deng et al., 623

2025; Duan et al., 2025). Although prior work 624

has demonstrated the benefits of CSDs, supporting 625

long-context LLM inference on edge devices re- 626

mains challenging due to excessive ping-pong data 627

movement and pronounced latency bottlenecks. 628

In summary, HillInfer addresses the limitations 629

of prior approaches. To the best of our knowledge, 630

HillInfer is the first framework to enable efficient 631

long-context LLM inference on edge devices by 632

integrating CSDs into importance-aware KV evic- 633

tion, and achieves substantial inference speedup 634

without sacrificing model accuracy 635

6 Conclusion 636

In this paper, we presented HillInfer, an importance- 637

aware long-context LLM inference framework for 638

edge devices that leverages SmartSSD-assisted hi- 639

erarchical KV cache management. By combining 640

in-storage importance evaluation with an adaptive 641

prefetch-based pipeline, HillInfer effectively re- 642

duces data movement and inference latency under 643

tight memory constraints. Experiments on a PC 644

with a consumer-grade GPU show that HillInfer 645

achieves up to 8.56 × speedup over state-of-the-art 646

baselines while maintaining model accuracy. 647
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Limitations648

While HillInfer effectively accelerates long-context649

LLM inference on edge devices without sacrific-650

ing accuracy, several limitations remain and open651

directions for future work. First, the current imple-652

mentation targets a single CSD platform, namely653

Samsung SmartSSD. Future work could extend654

HillInfer to support a broader range of CSD prod-655

ucts, such as those from ScaleFlux, Eideticom, and656

NVXL, to improve portability and generality. Sec-657

ond, although HillInfer demonstrates significant658

speedups on PCs equipped with a commodity GPU,659

extending the framework to Arm-based edge plat-660

forms, such as NVIDIA Jetson devices, is an im-661

portant next step. Finally, as modern LLMs in-662

creasingly emphasize complex reasoning capabil-663

ities, future work may explore leveraging CSDs664

to accelerate reasoning-intensive LLM workloads.665

Supporting a wider range of devices and workloads666

would further broaden the applicability of CSD-667

assisted long-context LLM inference in resource-668

constrained devices.669
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A Appendix990

In the appendix, we display the Notation Descrip-991

tion (TABLE 1) and the details of the HIE algo-992

rithm (Algorithm 1), where SCPU is the score list,993

Bi is the i-th token block, Si is the i-th score block,994

Timp are the important token IDs.

Table 1: Notation Summary

Symbol Description

n Size of a score block (number of
tokens per block)

N Context length (sum of input and
generated tokens)

α Importance rate controlling the
fraction of important KV data

β Size ratio of KV cache pools be-
tween CPU and SmartSSD

M0 Available memory capacity on the
CPU

Mc KV cache pool size allocated on
the CPU

Ms KV cache pool size allocated on
the SmartSSD

fc Average KV data processing
throughput of the CPU

fs Average KV data processing
throughput of the SmartSSD

995

Algorithm 1 Hierarchical Importance Evaluation
(HIE)
Require: Context length N ; score block size n;

importance rate α
Ensure: Set of important token IDs Timp

1: Initialize empty score list SCPU ← ∅
2: Partition tokens into blocks {B1,B2, . . . },

each of size n
3: for all score blocks Bi in parallel do
4: SmartSSD:
5: Compute importance scores for tokens

in Bi
6: Aggregate scores into Score Block
7: Si ← {⟨token_id, score⟩}
8: Transfer Si to CPU asynchronously
9: CPU:

10: Compute local importance scores for as-
signed tokens

11: Incrementally merge received Si into
SCPU

12: Maintain partial sorted order of SCPU

13: end for
14: Sort SCPU by importance score in descending

order
15: Select top α ·N token IDs as Timp

16: Request KV data of Timp from SmartSSD
17: Merge received KV data into CPU KV cache

pool
return Timp
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