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Abstract

Deploying Large Language Models (LLMs)
on edge devices such as Personal Comput-
ers (PCs) enables low-latency inference with
strong privacy guarantees, but long-context in-
ference is fundamentally constrained by lim-
ited memory and compute resources. Beyond
model parameters, the key—value (KV) cache
becomes the dominant bottleneck due to its lin-
ear growth with context length. Although prior
work exploits contextual sparsity to evict unim-
portant KV data, these approaches are largely
designed for memory-rich platforms and in-
cur prohibitive data transfer overhead when
applied to resource-constrained edge devices
with external storage. In this paper, we propose
Hilllnfer, an importance-aware long-context
LLM inference framework on the edge that
leverages SmartSSD-assisted hierarchical KV
cache management. Hilllnfer jointly manages
KV cache pools across the CPU and SmartSSD,
and performs in-storage importance evaluation
to reduce unnecessary data movement. Further-
more, we design an adaptive, prefetch-based
pipeline that overlaps computation and KV data
transfer across GPU, CPU, and SmartSSD, min-
imizing end-to-end inference latency without
sacrificing accuracy. We implement Hilllnfer
on a PC with a commodity GPU, and experi-
ments across multiple models and benchmarks
demonstrate up to 8.56 x speedup over base-
lines while preserving model accuracy.

1 Introduction

Large Language Models (LLMs) (Zhao et al., 2023;
Chang et al., 2024; Minaee et al., 2024; Naveed
et al., 2025; Li et al., 2024; Friha et al., 2024) are
transforming artificial intelligence by demonstrat-
ing exceptional capability in understanding natural
language and supporting a wide range of language-
centric downstream tasks (Isik et al., 2024; Wei
etal., 2021; Oyelade et al., 2025). In practice, many
of these tasks rely on prompts that inherently in-
volve sensitive information, such as personal medi-

cal records, proprietary creative content, and confi-
dential business data, etc. This privacy concern has
driven a growing trend toward deploying LLMs on
edge devices, such as Personal Computers (PCs),
giving rise to edge-based LLM inference (Cai et al.,
2024; Yu et al., 2024; Lu et al., 2024).

However, the limited memory capacity and com-
putational resources of edge devices pose funda-
mental challenges to efficient LLM deployment
(Tian et al., 2025; Yin et al., 2026). Even worse, the
growing complexity and diversity of downstream
tasks increasingly require LLMs to process longer
input contexts (Liu et al., 2024; Sun et al., 2025;
Lin et al., 2024). As a result, beyond the memory
occupied by model parameters, the KV cache (Li
et al., 2024), whose memory footprint grows lin-
early with the input context length, becomes the
primary memory bottleneck in long-context LLM
inference on edge devices (Sun et al., 2025; Zhang
et al., 2025; Hooper et al., 2025). As illustrated in
Figure 2a, inference with the Qwen-7B (Bai et al.,
2023) model under a 4K context and batch size
of 8 consumes approximately 30 GB of memory,
surpassing the 24 GB GPU memory capacity of
the high-end commodity GPU such as the NVIDIA
RTX 4090, with the majority of this overhead at-
tributed to the KV cache.

Limitations of Prior Arts. Inspired by the Trans-
former architecture and linguistic characteristics
(Vaswani et al., 2017; Beltagy et al., 2020; Levy
and Goldberg, 2014), long-context inputs exhibit
a high degree of sparsity, where only a small sub-
set of tokens, which is usually less than 20% (Sun
et al., 2025; Lee et al., 2024; Tang et al., 2024),
plays a critical role in attention computations (Belt-
agy et al., 2020). Existing H20-like (Zhang et al.,
2023) approaches leverage this observation by esti-
mating token importance and selectively retaining
the KV data of important tokens on the GPU for
computation, while evicting less important KV data
in each autoregressive decoding step (Lee et al.,



2024; Zhang et al., 2023; Zhao et al., 2024; Gao
et al., 2024; Tang et al., 2024; Liu et al., 2023; Ju-
ravsky et al.; Ye et al., 2024; Zheng et al., 2024).
However, these methods are primarily designed
for industrial-grade GPUs with large memory ca-
pacity and typically perform KV cache offloading
only between the GPU and the host CPU. How-
ever, on memory-constrained edge devices, the KV
cache generated by long-context inference can eas-
ily exceed the combined capacity of GPU and CPU
memory, necessitating offloading to external stor-
age. For example, as shown in Figure 2a, inference
with the Llama2-13B (Huang et al., 2023) model
on a 4K context requires approximately 51 GB of
memory, far exceeding the memory limits 44GB
of a typical PC equipped with a 12 GB commodity
GPU (RTX 3080) and 32 GB CPU memory.
Moreover, several studies have explored lever-
aging external storage to assist KV cache manage-
ment (Sun et al., 2025; Sheng et al., 2023; Chen
et al., 2025); however, they still suffer from sub-
stantial data transfer latency due to the limited
bandwidth of conventional storage devices when
performing token importance evaluation in each
decoding step. For example, as shown in Figure 3,
the KV data transfer latency of the SSD increases
significantly with the input context length and even-
tually becomes the dominant bottleneck in infer-
ence latency. In summary, existing approaches are
fundamentally constrained by the absence of in-
storage computation support, forcing KV data to
be repeatedly transferred between the SSD and host
for token importance evaluation, which introduces
significant and unavoidable data transfer latency.
Enhancement Opportunity. Fortunately, recent
studies (Tian et al., 2024; Pan et al., 2025; Liang
etal., 2022; Kim et al., 2022; Kang et al., 2013; Lee
et al., 2020) have demonstrated the effectiveness
of the Computational Storage Devices (CSDs, e.g.,
SmartSSD (Samsung Semiconductor)) in accelerat-
ing vector search and data processing by enabling
in-storage computation, highlighting their easy
installation and strong potential for importance-
aware hardware acceleration in LLM inference. Un-
like traditional SSD-centric approaches (Sun et al.,
2025; Sheng et al., 2023; Chen et al., 2025) that
repeatedly move data between host memory and
storage devices, SmartSSDs embrace Near Data
Processing (NDP) by executing computations lo-
cally on on-board DRAM and FPGAs, significantly
reducing host—SSD data transfer. With CSDs, KV
cache data residing on the SSD can be directly

evaluated for importance using on-board FPGAs,
eliminating the need to transfer this data back to
the host. This in-storage importance evaluation
substantially reduces data transfer latency.
Challenges. However, integrating the CSD into
importance-aware KV eviction workloads is non-
trivial and raises multiple algorithm- and system-
level challenges. First, token importance is query-
dependent (Sun et al., 2025; Lee et al., 2024; Tang
et al., 2024), meaning that it varies across decod-
ing steps. This dynamic behavior leads to frequent
KV cache updates and inter-step data transfer. Un-
der such conditions, a straightforward KV manage-
ment strategy may still incur frequent ping-pong
data movement between the CSD and the CPU,
offsetting the benefits of in-storage computation.
Thus, how to jointly manage KV data and perform
importance evaluation across the CSD and CPU
becomes a significant challenge. Second, although
the CSD introduces in-storage computation capabil-
ity, the relatively limited SSD bandwidth remains
a bottleneck for data transfer. As a result, effec-
tively coordinating computation and data transfer
among GPU, CPU, and CSD, and designing an effi-
cient system-level pipeline to minimize end-to-end
latency, poses another significant challenge.

In this paper, we propose Hilllnfer, an efficient
long-context LLM inference framework on the
edge that presents a hierarchical KV cache eviction
strategy and adaptive pipeline using SmartSSD,
to tackle these two challenges. Specifically, to
tackle the first challenge, we design a hierarchi-
cal KV cache manager with SmartSSD, which
jointly manages KV cache pools on the CPU and
SmartSSD. During bidirectional cache placement
and eviction across these two pools, we compre-
hensively consider temporal locality, token impor-
tance, and cache hit rate, thereby minimizing ex-
cessive ping-pong data movement between devices.
To address the second challenge, we propose a
layer-wise, adaptive prefetch-based pipeline. The
pipeline adaptively coordinates the proportion of
importance evaluation performed on SmartSSD and
CPU, enabling effective overlap between computa-
tion for layer i and KV data transfer for layer i+1,
to hide importance evaluation and data transfer la-
tency. We implement Hilllnfer with Python code,
based on an offloading-based framework (Sheng
et al., 2023), and develop HLS-based C++ code
on the FPGA unit. The main contributions of this
paper are summarized as follows:

(1) We propose Hilllnfer, to the best of our



knowledge, the first edge-based long-context
LLM inference framework that enables hierarchi-
cal importance-aware KV cache eviction using
SmartSSD, effectively reducing inference latency
while preserving model accuracy.

(2) We design a hierarchical KV cache manager
assisted by SmartSSD with bidirectional KV cache
pools, along with a system-level adaptive prefetch-
based pipeline, to minimize ping-pong data move-
ment and further reduce inference latency.

(3) We implement Hilllnfer based on an
offloading-based LLM inference framework and de-
velop an HLS-based FPGA program on SmartSSD
to support in-storage importance evaluation.

(4) We conduct extensive experiments across
multiple models and datasets, demonstrating that
HillInfer achieves up to 8.56 x speedup over prior-
art baselines without sacrificing model accuracy.

2 Background and Motivations

2.1 LLM Inference

LLM inference consists of two phases: prefilling
and decoding. In the prefilling phase, the tokenized
input prompt is processed in a single forward pass
to initialize the model states. During decoding,
the model generates tokens autoregressively, where
each newly generated token is appended to the
context and used to predict the next token until
an end-of-sequence token or the maximum length
is reached. Modern LLMs are typically built on
transformer decoders, where each layer comprises
(multi-head) self-attention and a feed-forward net-
work. Given an input sequence, hidden states are
linearly projected into Query (Q), Key (K), and
Value (V) tensors, and attention is applied to cap-
ture contextual dependencies. Multi-head attention
further improves model capacity by attending to
multiple semantic subspaces in parallel.

During autoregressive decoding, recomputing
attention over all previous tokens at each step in-
curs quadratic complexity and leads to prohibitive
latency as the context length grows. To mitigate
this cost, modern LLLMs adopt KV caching, which
stores Key and Value tensors from previous steps
and reuses them for subsequent attention computa-
tion, significantly improving decoding efficiency.
However, the KV cache grows linearly with the
context length and the number of decoder layers,
quickly becoming the dominant memory consumer.
On resource-constrained edge devices with limited
GPU and host memory, this rapidly expanding KV

cache becomes the primary bottleneck for long-
context inference.
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2.2 Computational Storage

A Computational Storage Device (CSD) (Samsung
Semiconductor) is based on the principle that pro-
cessing data close to where it is stored is more effi-
cient than transferring it to the host for computation.
By integrating computing units into storage devices,
CSDs enable near-data processing (NDP), reduc-
ing data movement between storage and the host
CPU and alleviating PCle bandwidth contention.
In traditional architectures, all devices share the
host PCle bus, making system performance con-
strained by PCle bandwidth. In contrast, CSD-
enabled systems process data locally within each
storage device via internal PCle switches, allowing
better scalability as more CSDs are added.
Commercial CSDs, such as Samsung SmartSSD
(Samsung Semiconductor), integrate on-board
DRAM and FPGA units to support in-storage com-
putation and data access, as illustrated in Figure 1.
The on-board DRAM acts as a cache for NAND
flash and can be accessed by both the FPGA and
the host CPU. While the host interacts with the
SmartSSD via standard I/O interfaces and can of-
fload computation to the device, data movement
between NAND flash and the FPGA is handled
internally through P2P transfers over the internal
PCle switch, further reducing host involvement.

2.3 Exploring Existing Techniques

For long-context LLM inference, a series of com-
mon approaches leverage contextual sparsity to
estimate token importance and selectively evict
KV cache entries associated with less important
tokens (Zhang et al., 2023; Lee et al., 2024; Zhao
et al., 2024; Gao et al., 2024; Tang et al., 2024).
However, these approaches largely rely on two-
level GPU-CPU KV offloading and are evalu-
ated on testbeds with industrial-grade GPUs and
large memory capacity. On resource-constrained
edge devices, as shown in Figure 2, increasing the
context length or batch size can cause excessive
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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-memory
(OOM). Even with memory pooling, recomputing
evicted KV entries introduces additional computa-
tion latency and prevents effective KV eviction.

In addition, other approaches leverage external
storage (e.g., SSD) to assist KV cache manage-
ment (Sun et al., 2025; Sheng et al., 2023; Chen
et al., 2025), but they suffer from significant data
transfer latency during token importance evaluation
due to the limited bandwidth of the SSD. Figure
3a shows that transfer latency increases with the
context length, and becomes more pronounced as
a larger fraction of the KV cache is stored on the
SSD. As illustrated in Figure 3b, during each de-
coding step, transferring KV data between the SSD
and host for token importance evaluation dominates
latency and results in significant GPU idle periods.

In summary, the above existing approaches can-
not be directly applied to resource-constrained edge
devices for long-context LLLM inference. To ad-
dress this, we propose a CSD-assisted inference ac-
celeration framework, Hilllnfer, which overcomes
the key challenges associated with leveraging com-
putational storage devices.

3 System Design of Hilllnfer

In this section, we detail the designs of Hilllnfer.
We first describe the system architecture and work-
flow (Sec. 3.1), followed by the hierarchical KV
cache manager with SmartSSD (Sec. 3.2). Finally,
we present an adaptive prefetch-based pipeline co-
ordinating CPU, GPU, and SmartSSD (Sec. 3.3).

3.1 System Overview

We present Hilllnfer, an efficient long-context LLM
inference framework on the edge that leverages
SmartSSD for hierarchical KV eviction and adap-
tive system-level pipeline.
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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-
tem framework of Hilllnfer, which consists of a
GPU, a CPU, and a SmartSSD. The GPU stores
model weights, activations, and important KV data,
and performs LLM inference, including prefilling
and decoding stages. The CPU maintains a large
portion of the KV cache and partial model weights
(larger model), and is responsible for token im-
portance evaluation, KV cache management, and
pipeline coordination. The SmartSSD stores the
left of KV data and leverages its on-board FPGA
to perform near-data token importance evaluation.
System Workflow. In detail, as show in Figure
4, the GPU first executes the prefilling stage and
caches the generated KV data on the CPU. Dur-
ing decoding, the KV data of newly generated to-
kens, together with the current query, are sent to
both the CPU and the SmartSSD. The CPU and
SmartSSD then independently evaluate token im-
portance based on the current query. The CPU
aggregates the evaluation results, selects impor-
tant KV data, and prefetches them to the GPU for
subsequent computation. Finally, the CPU and
SmartSSD perform bidirectional KV cache update
to maintain the KV cache pools.

3.2 Hierarchical KV Cache Manager with
SmartSSD.

Hierarchical Importance Evaluation (HIE). In
existing KV eviction schemes, importance evalu-
ation is typically performed on the CPU, which
requires transferring KV data from other devices to
the CPU, incurring significant data movement la-
tency. Hilllnfer instead leverages the FPGA on the
SmartSSD to perform near-data importance evalu-
ation, thereby reducing unnecessary KV transfers.
However, such hierarchical importance evaluation
needs to coordinate computation and data move-
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Figure 4: The Framework Overview of HillInfer.

ment between the CPU and the SmartSSD.

As illustrated in Figure 5 (a), the SmartSSD

and the CPU perform token importance evalu-
ation in parallel. After evaluating a batch of
n tokens, the SmartSSD aggregates their impor-
tance scores into a Score Block, represented as
< Token pos, Score>, and immediately trans-
fers the block to the CPU. The CPU incrementally
merges and sorts the received scores with its local
results. Once all tokens are evaluated, the CPU
selects important token IDs and requests the corre-
sponding KV data from the SmartSSD for merging.
As illustrated in Figure 5 (b), without HIE, merg-
ing the token importance scores computed by the
SmartSSD and the CPU, as well as transferring the
selected important KV data, would introduce sub-
stantial additional latency. HIE hides the latency of
Score Blocks transfer and merging by overlapping
them with parallel computation on both devices,
thereby significantly reducing the overall token im-
portance evaluation overhead.
Bidirectional KV Cache Pools (BKP). Since to-
ken importance is query-dependent at each decod-
ing step (Sun et al., 2025; Lee et al., 2024; Tang
et al., 2024), naive eviction strategies often trig-
ger excessive ping-pong data movement. To ad-
dress this, Hilllnfer maintains two hierarchical KV
cache pools on the CPU and the SmartSSD (Fig-
ure 4), and performs bidirectional KV pool update
after each decoding step to maintain stable KV
placement across devices. Our goal is to minimize
the fraction of important KV data residing on the
SmartSSD, thereby avoiding frequent ping-pong
data movement between the CPU and SmartSSD
for KV data that is repeatedly identified as impor-
tant across decoding steps.

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

consider temporal locality and KV cache hit rate.
First, within a decoding step, tokens closer to the
current step tend to be more important (Zhao et al.,
2024). We therefore keep the KV cache of the most
recent o - IV steps in the CPU, avoiding transferring
it to the SmartSSD, where IV denotes the context
length, and « is an importance rate hyperparameter
set by the user (typically 10% ~ 20% in our ex-
periment). Second, some tokens may not exhibit
strong importance but have a high cache hit rate.
To prevent frequent ping-pong data movement, we
maintain a KV cache hit rate table and keep the
top-a fraction of KV data in the CPU, avoiding
their transfer to the SmartSSD. Finally, during the
maintenance of the cache hit rate table, if any of the
top-« fraction of KV data reside on the SmartSSD,
they are transferred back to the CPU. To maintain
balance, an equal number of the lowest-ranked KV
data in the table are simultaneously moved from
the CPU to the SmartSSD.

3.3 Adaptive Prefetch-based Pipeline

Inspired by layer-wise KV data prefetching tech-
niques (Lee et al., 2024; Sun et al., 2025), Hilllnfer
overlaps importance evaluation and KV prefetch-
ing for layer 741 while the GPU computes layer
1. Despite its benefits, when traditional SSD-based
KV eviction schemes are deployed on resource-
constrained devices, KV data transfers between
the SSD and CPU incur significant transmission
latency, leading to substantial GPU idle time, as
shown in Figure 6 (a). Although SmartSSD can
reduce KV transfer latency by enabling in-storage
computation (Figure 6 (b)), naively determining the
capacity ratio of KV cache pools on the CPU and
SmartSSD still increases the importance evaluation
latency and GPU idle time.

To address the above issues, we propose an
Adaptive Prefetch-based Pipeline (APP), as illus-
trated in Figure 6 (c). APP adaptively determines
the capacity ratio of the two KV cache pools to ef-
fectively hide KV prefetch latency and reduce GPU
idle time. Assume that the total amount of KV data
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is M. Let f. and f; denote the KV data processing
average throughput (often limited by memory band-
width) of the CPU and the SmartSSD, respectively,
and let M., My, and M, be the amounts of KV
data stored in the CPU, the available CPU memory
threshold, and SmartSSD cache pools, where f,.
and f, are obtained through offline profiling. To
minimize the GPU idle time, it suffices to configure
the cache capacity ratio 8 such that

—, M. < My (1)

which equivalently yields [ ~ % This condition

ensures that token importance evaluation on the
CPU and SmartSSD can be completed in a nearly
synchronized manner, allowing GPU computation
to effectively overlap both token importance evalu-
ation and KV data prefetching, thereby minimizing
GPU idle time.

4 Implementation and Experiments

4.1 Implementation

We implement Hilllnfer by extending the
offloading-based LLLM inference framework Flex
(Sheng et al., 2023) with 500+ lines of additional
Python code, while incorporating some codes
about data movement from the prefetch-based
framework InfiniGen (Lee et al., 2024). Fur-
thermore, we developed HLS-based C++ code
to implement token-level KV cache importance
evaluation on the FPGA units of the SmartSSD.
Host—SmartSSD communication is implemented
using the Xilinx Runtime (XRT) interface (Xilinx,
Inc.). Our preliminary experiments are built
upon the Hugging Face Transformers framework
(Wolf et al., 2019), and Hilllnfer can be readily
applied to accelerate most open-source LLMs,

such as LLaMA (Huang et al., 2023), Qwen (Bai
et al., 2023), and OPT, etc., without requiring
modifications to model architectures.

4.2 Experiments Setting

Hardware.To closely reflect realistic PC deploy-
ment scenarios, we conduct our experiments on a
Ubuntu 22.04 desktop system equipped with an
NVIDIA GeForce RTX 4090 GPU, an Intel(R)
Xeon(R) Platinum 8352V CPU @ 2.10GHz, 24
GB of GPU memory, 64 GB of host memory, and
a 300 GB Intel SSD connected via a PCle 4.0 in-
terface. We further employ a Samsung SmartSSD
as the computational storage device with Xilinx’s
UltraScale+ FPGA, 4 GB DDR4, and 4 TB NAND
Flash, providing a peak bandwidth of approxi-
mately 4 GB/s, which is connected to the moth-
erboard through PCle, as illustrated in Figure 7.

NVIDIARTX 2090

Figure 7: Hardware Architecture of Hilllnfer.

Models. To evaluate the adaptability of Hilllnfer
across different model architectures and scales,
we conduct experiments using models from the
LLaMA family (Huang et al., 2023) (LongChat 7B
and LLaMA 13B), Qwen-7B (Bai et al., 2023), and
OPT-6.7B. We set the output length as 128 when
inferring these models without special statement.
Datasets. For evaluating model inference accu-
racy, we use several few-shot tasks from the LM-
evaluation-harness benchmark (Gao et al., 2021),
including OpenBookQA, RTE, PIQA, COPA, and
PG-19 (Rae et al., 2019). To assess long-context
inference latency, we conduct experiments using
LongBench (Bai et al., 2024).

Baselines. We compare Hilllnfer against four base-
line approaches. (1) Full Cache: This baseline
retains the entire KV cache without performing
any token importance evaluation and is commonly
treated as the accuracy-test baseline. (2) H20-
like: This approach adopts a token importance
evaluation strategy similar to H20 (Zhang et al.,
2023) and employs an offloading-based mechanism
for KV cache transfer. (3) Prefetch-based (Lee
et al., 2024): This baseline follows an InfiniGen-
style design, performing importance evaluation and
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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 external
storage and host memory. (4) LeoAM-like: This
approach applies the LeoAM method (Sun et al.,
2025) for token importance evaluation and lever-
ages the KV-Abstract to optimize KV data transfer.
Comparison metics. For model accuracy evalua-
tion, we use Accuracy (%) as the metric. End-to-
end inference performance is measured using La-
tency (ms). To assess throughput and acceleration
effectiveness, we report Speedup (x), respectively.
All evaluation metrics follow those adopted in prior
work (Lee et al., 2024; Chen et al., 2025; Sun et al.,
2025). We set the importance rate « as 0.2 and
batch size = 8 in our experiment.

4.3 Main Results

Model Accuracy. Since LeoAM and prefetch-
based methods achieve comparable accuracy (Sun
et al., 2025), for simplicity, we evaluate the
accuracy of Hilllnfer across different models
and datasets against Full Cache, H20-like, and
prefetch-based methods. Our results show that
Hilllnfer maintains comparable accuracy to these
baselines, as shown in Figure 8. This demonstrates
that, while leveraging SmartSSD for inference ac-
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Figure 10: The Speed Up Comparison with Different
Models on PG-19 and LongBench.

celeration, Hilllnfer carefully designs BKP and
APP to manage KV data offloading rather than in-
correctly evicting KV data, thereby avoiding any
degradation in model accuracy. In addition, we
observe that setting the importance rate between
10% and 20% generally yields a favorable trade-off
between performance and accuracy.

End-to-end Latency and Throughput. We eval-
uate the end-to-end latency and throughput of dif-
ferent models and batch sizes using LongBench.
Compared to the baselines, we find that Hilllnfer
reduces end-to-end latency by 76.25% “88.32%, as
shown in Figure 9. We also observe that Hilllnfer
achieves a speedup of 4.21 ~ 8.56, as shown in
Figure 10, with more pronounced speed-up gains
on datasets with longer context lengths.

4.4 System Analysis

Ablation Study. Figure 11a illustrates the indi-
vidual contributions of Design 1 (HIE&BKP, Sec.
3.2) and Design 2 (Sec. 3.3) to Hilllnfer. Com-
pared to the prefetch-based method, +Designl and
Designl &2 achieve varying degrees of inference
latency reduction, indicating that both designs con-
tribute to lowering inference latency.
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Figure 11: Ablation Study and Sensitive Analysis.

Sensitive Analysis. Figure 11b shows the latency
variation under different values of 3. We observe
that the latency is minimized when 8 =~ % in this
experiment setting, which is consistent with the
design rationale of APP.

Overhead Analysis. In HIE, Hilllnfer transfers
Score Blocks from the SmartSSD to the CPU.
Each score block only occupies 2n half-precision
floating-point values (i.e., 4n bytes), which is neg-
ligible compared to the memory footprint of the
KV cache. As a result, its transfer latency can be
fully hidden by computation. In BKP, Hilllnfer
maintains a cache hit table with a size of 2NV bytes,
which is negligible compared to the memory foot-
print of the KV cache.

5 Related Work

Long-context LLM Inference Framework. A
large number of recent works study long-context
LLM serving in data center networks, with an
emphasis on resource scheduling and KV cache
management to improve system throughput and in-
ference latency (Agrawal et al., 2024; Qin et al.,
2025; Hooper et al., 2024; Lim et al., 2024; Lin
et al.,, 2024; Wu et al., 2024). Many existing
works also focus on long-context LLM inference on
single-node GPU with large memory capacity (e.g.,
A100), demonstrating that inference latency can
be significantly reduced through algorithm—system
co-design (Liu et al., 2024; Pan et al., 2025; Yao
et al., 2025; Zhao et al., 2024; Zhang et al., 2025).
However, for edge devices with limited resources,
long-context LLM inference is fundamentally con-
strained by memory capacity. Some prior works
explore leveraging external memory, such as SSDs,
to accelerate inference (Sheng et al., 2023; Sun
et al., 2025; Chen et al., 2025). Nevertheless, the
relatively low bandwidth of the SSD means that fre-
quent data transfers between SSD and host memory
become the bottleneck in end-to-end latency.

KYV data eviction for LLM Inference. To address
the memory and computation constraints in long-

context inference, many prior works exploit the
inherent sparsity of long-context inputs. During
the decoding phase, these methods evaluate the
importance of each token and selectively retain
the KV data of important tokens on the GPU for
subsequent inference, while evicting less important
KV data to the CPU or dropping it entirely (Zhang
et al., 2023; Zhao et al., 2024; Tang et al., 2024; Lin
et al., 2024; Sun et al., 2025; Gao et al., 2024; Liu
et al., 2023; Juravsky et al.; Ye et al., 2024; Zheng
et al., 2024). However, directly applying these
methods on edge devices often faces fundamental
challenges: the limited memory capacity may lead
to out-of-memory (OOM) errors, while the low
bandwidth of external storage makes frequent KV
data transfers the dominant bottleneck to end-to-
end inference latency.

LLM optimization using CSD. Recently, sev-
eral studies have focused on employing CSDs,
e.g., SmartSSDs, to accelerate LLM-related work-
loads such as vector search (Tian et al., 2024,
Liang et al., 2022; Kim et al., 2022; Niu et al.,
2024) and data processing (Kang et al., 2013; Lee
et al., 2020; Soltaniyeh et al., 2022; Salamat et al.,
2021), and inference (Pan et al., 2025; Deng et al.,
2025; Duan et al., 2025). Although prior work
has demonstrated the benefits of CSDs, supporting
long-context LLM inference on edge devices re-
mains challenging due to excessive ping-pong data
movement and pronounced latency bottlenecks.

In summary, Hilllnfer addresses the limitations
of prior approaches. To the best of our knowledge,
Hilllnfer is the first framework to enable efficient
long-context LLM inference on edge devices by
integrating CSDs into importance-aware KV evic-
tion, and achieves substantial inference speedup
without sacrificing model accuracy

6 Conclusion

In this paper, we presented Hilllnfer, an importance-
aware long-context LLM inference framework for
edge devices that leverages SmartSSD-assisted hi-
erarchical KV cache management. By combining
in-storage importance evaluation with an adaptive
prefetch-based pipeline, Hilllnfer effectively re-
duces data movement and inference latency under
tight memory constraints. Experiments on a PC
with a consumer-grade GPU show that Hilllnfer
achieves up to 8.56 x speedup over state-of-the-art
baselines while maintaining model accuracy.



Limitations

While HillInfer effectively accelerates long-context
LLM inference on edge devices without sacrific-
ing accuracy, several limitations remain and open
directions for future work. First, the current imple-
mentation targets a single CSD platform, namely
Samsung SmartSSD. Future work could extend
Hilllnfer to support a broader range of CSD prod-
ucts, such as those from ScaleFlux, Eideticom, and
NVXL, to improve portability and generality. Sec-
ond, although Hilllnfer demonstrates significant
speedups on PCs equipped with a commodity GPU,
extending the framework to Arm-based edge plat-
forms, such as NVIDIA Jetson devices, is an im-
portant next step. Finally, as modern LLMs in-
creasingly emphasize complex reasoning capabil-
ities, future work may explore leveraging CSDs
to accelerate reasoning-intensive LLM workloads.
Supporting a wider range of devices and workloads
would further broaden the applicability of CSD-
assisted long-context LLM inference in resource-
constrained devices.
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A Appendix

In the appendix, we display the Notation Descrip-
tion (TABLE 1) and the details of the HIE algo-
rithm (Algorithm 1), where S py is the score list,
B; is the i-th token block, .5; is the i-th score block,
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)
o Importance rate controlling the
fraction of important KV data
I} Size ratio of KV cache pools be-
tween CPU and SmartSSD
My Available memory capacity on the
CPU
M. KV cache pool size allocated on
the CPU
M, KV cache pool size allocated on
the SmartSSD
fe Average KV data processing
throughput of the CPU
fs Average KV data processing
throughput of the SmartSSD
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Algorithm 1 Hierarchical Importance Evaluation
(HIE)

Require: Context length N; score block size n;

importance rate o

Ensure: Set of important token IDs 7y,

1:
2:

A

© ® 2D

Initialize empty score list Sopy < 0
Partition tokens into blocks {Bi,Bs, ...},
each of size n
for all score blocks B; in parallel do
SmartSSD:
Compute importance scores for tokens
in BZ
Aggregate scores into Score Block
S; < {(token_id, score) }
Transfer S; to CPU asynchronously
CPU:
Compute local importance scores for as-
signed tokens
Incrementally merge received S; into

Scpu
Maintain partial sorted order of Scpy;

: end for
: Sort S¢py by importance score in descending

order

: Select top « - N token IDs as T,
: Request KV data of 7;,,,, from SmartSSD
: Merge received KV data into CPU KV cache

pool
return 7;,,,
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