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Abstract

Language models (LMs) underpin emerging mobile and em-
bedded AI applications like meeting and video summariza-
tion and document analysis, which often require processing
multiple long-context inputs. Running an LM locally on-
device improves privacy, enables offline use, and reduces
cost, but long-context inference quickly hits a memory ca-
pacity wall as the key-value (KV) cache grows linearly with
context length and batch size. Existing KV-cache offload-
ing schemes are designed to transfer cache data from GPU
memory to CPU memory; however, they are not suitable
for embedded and mobile systems, where the CPU and GPU
(or NPU) typically share a unified memory and the non-
volatile secondary storage (disk) offers limited I/O band-
width. We present KVSwap, a software framework tailored
for local devices that achieves high memory efficiency while
effectively leveraging disk storage. KVSwap stores the full
cache on disk, uses highly compact in-memory metadata
to predict which entries to preload, overlaps computation
with hardware-aware disk access, and orchestrates read pat-
terns to match storage device characteristics. Our evaluation
shows that across representative LMs and storage types,
KVSwap delivers higher throughput under tight memory
budgets while maintaining generation quality over existing
KV cache offloading schemes.

1 Introduction

Language models (LMs) have demonstrated strong capabili-
ties in long-form document analysis and multimedia under-
standing [35, 68, 73]. These underpin emerging mobile and
embedded applications such as smart note-taking for meet-
ings [22, 46], document analysis [8, 24], voice assistants for
transcription and summarization [12, 26], and video search
with natural language queries [12, 25]. Increasingly, users
expect these capabilities to run directly on their devices.

On-device deployment offers clear benefits: enhanced pri-
vacy by keeping data on-device, offline functionality under
poor connectivity, and avoiding LM API costs. With the
growing availability of powerful GPUs and NPUs on modern
systems on chips [3, 7, 48], local deployment is becoming
feasible.

However, running LMs efficiently on resource-constrained
devices like mobile and embedded AI systems remains chal-
lenging due to limited memory capacity and I/O bandwidth.
While quantization [23, 37] and parameter offloading [10, 63]
reduce model footprint, a critical bottleneck lies in managing
the key-value (KV) cache. Unlike fixed model weights, the
KV cache grows linearly with sequence length and batch
size, often surpassing model size (as shown in Fig. 1). On a
4B-parameter LM, batched inputs over 16K tokens already
push the KV cache beyond device memory, causing latency
spikes or out-of-memory failures. As LMs are increasingly
applied to long-context tasks, practical on-device inference
requires efficient KV cache management.

Prior work reduces KV cache overhead by offloading from
GPU to CPU memory [36, 52], alleviating GPU pressure
in server settings with abundant CPU RAM. These tech-
niques, however, are ill-suite for mobile and embedded sys-
tems, where GPUs/NPUs typically share only 8-32 GB of
RAM with the CPU. A natural alternative is to offload the
KV cache to non-volatile storage1, such as NVMe-, UFS-, or
eMMC-based devices. However, without careful optimiza-
tion, this approach severely degrades performance: mobile
memory bandwidth is roughly 100 GB/s, while disk band-
width is often just 1 GB/s - two to three orders of magnitude
lower than their server counterparts.
Can we offload the KV cache to disk for long-context, on-

device inference without sacrificing throughput or generation
quality? In answer, we propose KVSwap, a framework for
extended-context LM inference on resource-constrained de-
vices. Built on FlexGen [50], KVSwap supports diverse LM
architectures and storage types, with simple APIs to use.
KVSwap offloads KV cache entries to disk and partially
reloads them during generation. It stores the complete KV
cache on disk but maintains a highly compact in-memory
K cache representation to predict which entries on the disk
are critical for each layer. These entries are prefetched into
a buffer ahead of computation, reducing disk stalls with-
out compromising generation quality. The KVSwap runtime
automatically overlaps disk transfers with compute and syn-
chronizes memory-disk copies.

The design of KVSwap needs to overcome two major chal-
lenges introduced by on-device disk offloading. First, the
1We use disk for non-volatile storage and memory for main memory.
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ever-increasing KV-cache size introduced by long-context
is a challenge for resource-constrained mobile and embed-
ded devices. The limited memory capacity and strict per-
application memory quotas result in a tight memory bud-
get, far beyond what existing KV-cache offloading methods,
which were primarily designed for server-side deployments,
can accommodate. To address this, KVSwap proposes a com-
pression and reconstruction algorithm that enables aggres-
sive memory compression while still achieving information
recovery with adequate quality.
Second, embedded storage devices based on NVMe, UFS,

and eMMC often exhibit read amplification, where the con-
troller reads larger physical units (e.g., entire NAND pages)
than requested [27, 45], resulting in extra data movement
and unnecessary read operations. To mitigate this, KVSwap
groups KV entries at appropriate granularities and optimizes
access patterns. It also integrates a software cache (reuse
buffer) to retain recently accessed entries across generations.
This reduces redundant I/O, which is particularly important
for low-bandwidth devices (< 200 MB/s) and batched infer-
ence, where data movement dominates latency. Together,
these specified designs and optimizations enable KVSwap
for efficient long-context on-device inference with negligible
loss of generation quality.
Recent work explores storing the full KV cache on disk

with selective retrieval [17, 39, 66]. These methods, designed
for cloud-serving scenarios, primarily optimize time-to-first-
token (TTFT) to reduce inference start-up delay. However,
they are ineffective on resource-constrained devices during
iterative decoding, as they still incur high memory over-
head and assume static rather than dynamically evolving KV
caches. KVSwap addresses this gap by targeting the decod-
ing stage of LM inference, efficiently managing dynamically
changing KV caches to reduce memory footprint while pre-
serving generation quality. It is the first disk-based KV cache
offloading method that enables high-quality, long-context
LM generation on resource-constrained platforms.
We evaluate KVSwap on text, reasoning and video LMs

across model sizes, memory budgets, disk types, batch sizes,
and context lengths. Compared with the strongest KV cache
offloading baseline, KVSwap delivers up to 1.8× (NVMe)
and 4.1× (eMMC) throughput improvements at 32K context
length under the same tight memory budget, while also pro-
viding substantially higher generation quality. Against the
industry-grade vLLM [34] - in an idealized setting where all
available memory is dedicated to the KV cache - KVSwap
achieves comparable or higher throughput while using 11.0×
less KV cachememory. These results demonstrate that KVSwap
offers high memory efficiency and throughput with pre-
served generation quality for on-device long-context LM
inference.

This paper makes the following contributions. It presents:

8K 16K 32K 64K0
25
50
75

100

M
em

 (G
iB

)

Weights(7.5GiB) b=4 b=8 b=12

Figure 1: KV cachememory footprint across batch sizes

(b) and sequence lengths (x-axis) of Qwen3-4B.

• the first disk-based KV cache offloading framework for
efficient long-context, on-device LM decoding;

• a memory-efficient algorithm and system co-design that
accurately identifies and accesses groups of critical KV
entries, achieving substantial memory compression with
preserved quality while mitigating disk read amplification;

• a runtime system for managing and caching KV entries,
with optimized computation pipeline and reduced I/O
transfers.

2 Background and Motivation

2.1 Language Models

Language models (LMs) process queries through a two-stage
pipeline: prefilling and decoding. During prefilling, the model
reads the entire input prompt to generate the first output
token. During decoding, the model produces subsequent
tokens one at a time, each conditioned on the previously
generated tokens. Prefilling happens only once, whereas
decoding is repeated for every output token. For open-ended
tasks like document summarization or dialogue, decoding
can involve hundreds or even thousands of steps, and this
becomes even more common when using reasoning-focused
models with chain-of-thought (CoT) [59].
Attention is central to modern LMs, where each token is

represented by a Query (Q), Key (K), and Value (V) vector.
Scores are computed by comparing queries with keys, and
the resulting weights are applied to values to form contex-
tualized representations. Multi-head attention (MHA) [57]
extends standard attention by computing multiple sets of
QKV vectors in parallel, but increases memory use since
each head stores its own keys and values. Grouped-query
attention (GQA)[9] addresses this by sharing keys and values
across heads, reducing memory overhead while maintaining
accuracy. GQA is widely adopted in SOTA models such as
LLaMA3 and Qwen3 [20, 64].
During generation, LMs use a key-value (KV) cache to

store keys and values from past steps, enabling the reuse of
computations and reducing inference latency [47].
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Figure 2: Normalized effective bandwidth (BW) with

varying block sizes (bytes).

2.2 On-device KV Cache Memory Wall

The KV cache serves as a critical component of program state
in on-device applications of LMs and is therefore usually
required to be memory-resident. Fig. 1 shows the KV cache
memory footprint for the Qwen3-4B model (W16A16) under
varying batch sizes and context lengths. The model weights
alone occupy 7.5 GiB of RAM. At a context length of 16 K and
batch size 4, the KV cache reaches 9 GiB, already exceeding
the weight size. Because KV cache size scales linearly with
both batch size and context length, it grows rapidly: at 32 K
context and batch size 12, it reaches 54 GiB.
On embedded and mobile systems with limited memory

capacity (e.g., 8 GiB) and strict per-application quotas (to
avoid disrupting other applications and OS services), retain-
ing the full KV cache in memory becomes infeasible. This
results in a KV cache memory capacity wall, where the KV
cache overtakes model weights as the dominant memory
consumer, limiting the scalability of long-context on-device
inference.

2.3 KV Cache Disk Offloading

Prior work shows that a small fraction of tokens substan-
tially influence attention score computation, and that these
influential tokens change dynamically with the context and
query [36, 52, 53, 74]. This insight enables selective KV cache
loading by predicting the most relevant tokens at each gen-
eration step. Existing techniques exploit this by offloading
KV cache from GPU to CPU memory [36, 52], where both
memory hierarchies are high-bandwidth and optimized for
low-latency access. In contrast, our work targets embedded
and mobile platforms, where RAM is scarce and subject to
strict quotas. We propose offloading KV cache from memory
to disk, targeting a different storage hierarchy with far more
severe bandwidth and latency constraints.
To assess the feasibility of disk offloading, we profile the

random read bandwidth of two representative types of disks
- NVMe2 and eMMC - under varying block sizes. We focus
on random, rather than sequential access patterns because
our setting requires selectively retrieving critical KV entries,

2UFS-based storage is not supported on our platform, but it exhibits I/O
bandwidth and characteristics similar to NVMe.
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Figure 3: (a) KV cache management memory with

batch=8 and varying context lengths (x-axis); (b) Decod-

ing latency ratios of I/O to compute under 32K context

length and batch=8.

operations that inherently produce predominantly random
accesses. From Fig. 2, we observe:
Diverse disk I/O bandwidths.Disk types vary significantly
in I/O bandwidth: NVMe can reach up to 1.8 GB/s, while
eMMC can be limited to around 250 MB/s.
Poor I/O utilization for small KV entries. All storage
types show severe bandwidth under-utilization for small
transfer sizes. At 512 bytes, the typical size of a KV entry3,
the effective bandwidth drops below 6% of peak bandwidth
for both devices.

We observe that bandwidth utilization improves substan-
tially with larger block sizes. KVSwap addresses this by
adopting a quality-aware, group-wise strategy that packs
multiple KV entries into a single transfer, thereby amortizing
I/O overhead and reducing fragmentation while incurring
negligible model accuracy degradation (Sec. 3.3).

2.4 Drawbacks of Prior Offloading Schemes

Highmemory overhead. Recent KV cache offloadingmeth-
ods [36, 50, 52] are designed for CPU-GPU transfer on servers
and are ill-suited for disk-based on-device offloading. They
do not explicitly consider extremely tightmemory constraints
(e.g., <500 MiB), a regime that closely matches the practical
application memory budget in common on-device deploy-
ment scenarios. Figure 3a compares the KV cache manage-
ment memory of InfiniGen [36] and ShadowKV [52] against
storing the full cache in memory for LLaMA3-8B. Their de-
signs introduce a significant memory footprint, particularly
for long contexts. For example, with a 16K context length and
batch size 8, memory consumption already reaches 4 GiB

3128 (head dimension) × 2 (key and value) × 2 Bytes (float16) = 512 Bytes.
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import KVSWAP
KVSWAP.Parameter_Tuning(

model=model_obj, max_context_len=32768,
max_batch_size=8, max_kv_mem=2200 # in MiB

).save("config.json")

(a) Offline parameter tuning.

engine = KVSWAP.Init( model=model_obj,
kv_offload_path="...",
config_file="config.json" )

↩→
↩→
outputs = engine.generate( inputs=[...],

sampling_params=[...] )↩→

(b) Model serving.

Figure 4: Simplified examples for using KVSwap for

offline parameter tuning (a) and model serving (b).

and 2.7 GiB. Here, we attempted to reconfigure their pa-
rameters for tighter memory budgets and extend them to
disk-based offloading, but this severely degrades generation
quality (Sec. 5.1). We attribute this to the inability of their
memory compression algorithms to tolerate high compres-
sion ratios. A detailed discussion is provided in Sec. 3.2 and
Sec. 3.3.
Low I/O efficiency. The fine-grained head- or token-level
operations create fragmented disk access patterns, causing
excessive small disk reads and degrading I/O efficiency. As
an example, Figure 3b shows the decoding latency ratio of
I/O to compute for FlexGen [50], InfiniGen [36], and Shad-
owKV [52]. Note that FlexGen does not select KV entries; in-
stead, it loads the full KV cache into memory. All these meth-
ods exhibit ratios far exceeding 1, with some cases reaching
over 100. While ShadowKV achieves the lowest ratios, it still
reaches 13.0 on eMMC and 2.3 on NVMe. These high ratios
indicate a severely imbalanced I/O–compute pipeline caused
by inefficient I/O access. End-to-end results in Sec. 5.2 fur-
ther validate the resulting low system throughput for these
methods.
Lessons learnt. For on-device disk offloading, existing KV
cache offloading methods suffer from high memory overhead,
which limits scalability to longer contexts or larger batch
sizes. In addition, their low I/O efficiency significantly lim-
its system decoding, resulting in low generation speed and
energy waste. KVSwap is designed to avoid these pitfalls.

3 Our Approach

KVSwap is a Python framework and can support PyTorch-
based Transformer LMs, providing simple APIs for model
serving and parameter tuning. Figure 4 shows example usage
for LM inference: an offline parameter tuning API (Fig. 4a)
generates configurations used by the KVSwap runtime (Fig. 4b).
Using KVSwap is straightforward and typically requires only
a few dozen lines of Python code.

Disk

Mem

XPU
Atten&

FFN

(a) Full KV Cache

(c)
Predictor

(b) 
K Rep. 

I/O 
Req.

(e) Reuse 
Buf.
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Figure 5: High-level overview of KVSwap.

Fig. 5 gives a high-level overview of KVSwap. KVSwap
reduces memory pressure and improves system efficiency
by: (a) offloading the full KV cache to disk; (b) maintaining
a compact in-memory key cache representation to identify
important KV entries using a predictor (c), which will be
preloaded from the disk for decoding; (d) minimizing disk
I/O overhead by structuring disk access patterns; and (e) ef-
fectively caching and reusing previously accessed KV entries
through a reuse buffer. The KVSwap runtime coordinates I/O
and compute, tracks reusable entries across layers, fetches
missing ones from disk for the attention kernel, and peri-
odically updates the on-disk full cache and the in-memory
representation with newly generated data. The KV predictor
is detailed in Sec. 3.1 and Sec. 3.3, the in-memory compres-
sion scheme in Sec. 3.2, and the runtime scheduling and reuse
buffer in Sec. 3.4.

3.1 Predicting Important KV Cache Entries

The KVSwap KV predictor identifies, at runtime, a subset
of KV entries needed for each attention computation. Like
InfiniGen [36], it estimates the next layer’s attention scores
from the current layer’s input, treating it as an approximate
query (Q). These scores quantify the importance of each key
and its associated value. Unlike [36], our setting assumes
the entire KV cache resides on disk, where memory and I/O
bandwidth are limited. To make prediction feasible, KVSwap
maintains a compact in-memory representation of the K
cache. This compressed cache is used to compute approxi-
mate attention scores and select a configurable number of
top-ranked KV entries as groups for preloading.
Thus, the predictor balances two objectives: (1) minimiz-

ing memory footprint, through K cache compression and
reconstruction, and (2) improving disk efficiency, through
grouped critical KV prediction. These two techniques are
detailed in the following subsections.

3.2 Compressing K Cache

To enable prediction without an in-memory full K cache,
KVSwap maintains a compressed K cache in memory using
low-rank approximation. Instead of storing every detail of
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the K matrix, we keep a smaller “summary” that captures
its most important patterns. The compressed K cache is au-
tomatically managed and updated by the KVSwap runtime
(Sec. 3.4.1). Since the low-rank K cache is used only for esti-
mating attention scores - not for actual attention computa-
tion - precision can be flexibly traded for memory efficiency.
We consider two designs: (a) per-head compression, com-

pressing each head with a separate projection matrix, and
(b) joint-head compression, merging head and embedding di-
mensions with a single projection. We adopt the latter for its
unified representation and lower memory cost, reconstruct-
ing the multi-head structure during prediction (Sec. 3.3).

We first reshape the K cache into a matrix of size 𝑁 × (𝐻𝑘 ·
𝑑), where 𝑁 is the token count, 𝐻𝑘 is the number of heads,
and 𝑑 is the head dimension. Each vector is then projected
into a lower dimension 𝑟 using a pre-computed low-rank
adapter 𝐴 ∈ R(𝐻𝑘 ·𝑑 )×𝑟 , with 𝑟 ≪ 𝐻𝑘 ·𝑑 . To obtain𝐴, KVSwap
applies Singular Value Decomposition (SVD) [21] to a flattened
K cache (𝐾ftn ∈ R𝑁×(𝐻𝑘 ·𝑑 ) ) collected during offline parameter
tuning. By default, samples of this K cache are drawn from
general-purpose datasets [44, 49], though users may provide
their own through the KVSwap API. Formally, SVD(𝐾ftn) =
𝑈 diag(𝑆)𝑉⊤, where 𝑉 ∈ R(𝐻𝑘 ·𝑑 )×𝑚 and 𝑚 = min(𝑁,𝐻𝑘 ·
𝑑). The top-𝑟 right singular vectors of 𝑉 form 𝐴, and the
compressed K cache is 𝐾lr = 𝐹𝑙𝑎𝑡𝑡𝑒𝑛(𝐾)𝐴, with compression
level controlled by the compression ratio, 𝜎 =

𝐻𝑘 ·𝑑
𝑟

. We
found that the resulting low-rank adapter generalizes well
to different datasets.
Compared with prior K cache compression scheme.

While ShadowKV [52] also employs a low-rank K cache, its
design and purpose differ from ours. ShadowKV compresses
the K cache to reduce its memory footprint, but must re-
construct the full K cache for computation. Hence, it has
to use a conservative compression ratio to limit accuracy
loss. In contrast, KVSwap uses the low-rank K cache only to
predict critical KV entry indices, making it far more resistant
to aggressive compression. Combined with our prediction
algorithm (Sec. 3.3), this enables KVSwap to maintain gener-
ation quality even under high compression ratios, whereas
ShadowKV degrades significantly (Sec. 5.1). The construction
method also differs. ShadowKV performs an online SVD at
runtime, adding substantial prefill latency (e.g., 4.9× slower
at 8K context length).4 KVSwap instead precomputes the
low-rank adapter offline, incurring no extra prefill cost.

3.3 Grouped Critical KV Entries Prediction

To minimize disk I/O, KVSwap estimates which KV entries
aremost important for attention computing in the next layers
and only preloads these. A unique feature of KVSwap is that
it first groups G consecutive key-value (KV) entries to align
4From 7.6s to 37.2s on LLaMA3-8B with NVIDIA Orin AGX, batch size = 1.
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Figure 6: Grouped critical KV entries prediction.

with the block-read characteristics of devices like NVMe, UFS,
and eMMC (see also Fig. 2), then predicts and loads the most
important groups. This is different from prior work [36, 51,
52] that predicts on individual heads or tokens. The group
size is configurable and can be automatically determined
during offline processing (Sec. 3.5).
Fig. 6 depicts how we predict which groups of KV cache

entries to be loaded from disk. The idea is to use the low-
rank K cache, 𝐾lr, to estimate the attention scores (𝑄𝐾⊤)
without accessing the full K cache. K cache elements (and
their associated values, V) that contribute to a high attention
score will be prefetched into memory. Specifically, for query
head ℎ, we approximate the attention score as:

𝑄ℎ𝐾
⊤
𝑔 (ℎ) ≈ 𝑄ℎ

(
𝐾lr𝐴

⊤
𝑔 (ℎ)

)⊤
=
(
𝑄ℎ𝐴𝑔 (ℎ)

)
𝐾⊤
lr (1)

Here,𝑄ℎ ∈ R1×𝑑 is the query vector for head ℎ;𝐴𝑔 (ℎ) ∈ R𝑑×𝑟

is the low-rank adapter for the K cache assigned to ℎ; and
𝑔(ℎ) maps each query head to its shared K head. We refer to
the term𝑄ℎ𝐴𝑔 (ℎ) as a low-rank query vector. This enables the
reconstruction of multi-head attention from a compressed,
head-unified𝐾lr, thereby reducing computation and allowing
us to decide which groups of KV entries are worth loading.
Online prediction.We predict the critical KV groups ahead
of time to issue disk load concurrently with the computation.
Specifically, while computing layer 𝑖−1, KVSwap predicts in
advance the critical KV groups needed for layer 𝑖 . To do this,
we approximate the upcoming input 𝑋𝑖 using 𝑋𝑖−1, taking
advantage of the observation that the input (embeddings)
to a Transformer layer 𝑖 is often similar to that at layer
𝑖−1 [36, 57]. Using this approximation, we apply layer 𝑖’s
projections to obtain a low-rank multi-head query vector 𝑄̃𝑖

lr.
Together with 𝐾𝑖

lr, this vector is used in a low-rank attention
computation to estimate the attention scores for layer 𝑖 .
Scoring and selection. To select critical KV cache entries,
we first compute a single importance score for each token by
summing the scores across all heads. We then form groups
of 𝐺 consecutive tokens and represent each group by the
maximum score among its members. Finally, we select the
top-ranked groups with the highest representative scores. A
ReduceMax operation within each group captures the most
salient token score, and a TopK step selects the indices of𝑀
most relevant KV entry groups to load for layer 𝑖 .
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Compared with prior prediction method. Unlike prior
work [36], our approach introduces prediction at the group
granularity, rather than at individual KV entries. Beyond this,
while InfiniGen [36], a representative prior work, also em-
ploys approximated attention as its prediction mechanism,
our algorithm differs in two fundamental aspects. (1) Infini-
Gen adopts an index-selecting strategy that pre-determines
which embedding dimensions of the K cache to retain and
directly selects them via indices. Under stringent K cache
compression, this strategy struggles to preserve fidelity as
the number of selected indices decreases. (2) InfiniGen ap-
plies multi-head attention directly to the index-selected K
cache, whereas our method constructs a head-unified low-
rank K cache that aggregates information across heads, en-
abling more aggressive compression. We then reconstruct
multi-head attention from this representation using Eq.1.

3.4 KVSwap Runtime System

Wenow introduce the overall KVSwap runtime system,which
operates during the prefilling and decoding stages (Sec. 2.1).
During the prefilling phase, KVSwap captures the LM-generated
KV cache for the input prompts andwrites it to disk in a layer-
by-layer fashion. At the same time, it computes a low-rank
K cache from the full K cache to create an initial compact
K cache (Sec. 3.2) that is stored in memory. When decoding

begins, the runtime coordinates the grouped critical KV pre-
dictor (Sec. 3.3) and the KV cache manager (Sec. 3.4.4) to
efficiently support disk-based KV cache loading and atten-
tion computation. It identifies, loads, and reuses important
KV entry groups while keeping the most recent KV entries in
memory. To maximize efficiency and overlap I/O with com-
putation, these operations for the next layer are performed
concurrently with the attention and feed-forward network
(FFN) computations of the current layer (Sec. 3.3).

3.4.1 New KV entries management. As shown in Fig. 7a,
our in-memory KV cache has two components: a low-rank
compressed K cache (Sec. 3.2) and a rolling buffer (RB). The
compressed K cache serves as the input to our KV predictor
(Sec. 3.3). During decoding, new entries are appended to the
RB. Since critical entries are predicted in groups, the impor-
tance of recent entries cannot be assessed until a group is
completed. Thus, the RB temporarily stores recently gener-
ated KV entries until they accumulate to a full group of size
𝐺 for offloading to disk.

3.4.2 Locality in grouped KV predictions. We observe that a
subset of critical KV entries exhibits temporal locality across
layers. For example, applying our grouped KV predictor (with
group size=4) to Qwen3-8B on QMSum [14] samples, we de-
fine the overlap ratio at generation step 𝑗 as the fraction
of important groups at step 𝑗 that also appeared at step
𝑗−1. Fig. 8 reports frequency and overlap ratios over 300
decoding steps5. Fewer than 22% of groups account for 80%
of occurrences, showing that the set of important groups
changes substantially over time. However, adjacent steps
exhibit strong overlap, revealing temporal redundancy. This
motivates our reuse strategy: retaining recently accessed crit-
ical groups in memory allows them to be efficiently reused
in subsequent steps without reloading from disk.

3.4.3 Reuse buffer for caching grouped KV entries. We intro-
duce a KV reuse buffer (not to be confused with the rolling
buffer described in Sec. 3.4.1 that stores the recently gener-
ated KV entries) to store recently accessed critical KV entries
(loaded from disk) for potential reuse across prediction steps.
By reusing overlapping groups of critical KV entries rather
than reloading them, the reuse buffer reduces I/O overhead -
especially on low-bandwidth disks or when handling large
KV volumes. We implement the reuse buffer as a fixed set
of dedicated memory slots, each capable of storing one KV
group. A slot table records the group ID currently stored in
each slot. When the predictor identifies the next set of critical
groups (Fig. 7b), the system first checks the slot table to see
whether a group is already in the reuse buffer. If present, the
corresponding slot from the reuse buffer is passed to the at-
tention kernel for computation directly; if not, the KV group
5Results from layers 8, 16, 25 are shown; other layers have similar patterns.
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is loaded from disk and stored in an available slot, with the
slot table updated accordingly. We use a simple FIFO policy
as the replacement strategy for the reuse buffer.

3.4.4 KV cache manager. With KVSwap, attention computa-
tion consumes KV entries from: hit slots in the reuse buffer,
important KV groups that are not in the reuse buffer and
need to be loaded from disk, and recent newly generated en-
tries from the rolling buffer. The KVSwap KV cache manager
uses a mapping table to logically address these heteroge-
neous memory regions - similar to OS virtual memory. This
abstraction provides direct compatibility with PagedAtten-
tion [34], which expects a contiguous logical view of the
KV cache. During generation, reuse patterns change over
time, causing the valid memory regions and the positions of
usable data in the reuse buffer to shift. To handle this, the
runtime updates the mapping table before each attention
computation to reflect the current KV entry layout (Fig. 7b).

3.5 Offline Parameter Tuning

KVSwap provides an API (Fig. 4a) for one-off offline parame-
ter tuning, which selects optimal runtime settings based on
user constraints (maximum memory Bmax, context length
𝑆max, and batch size 𝑏max), the target LM, and the hardware
platform. In our evaluation, tuning completes in under 30
minutes and outputs a JSON file that records the best-found
parameters for runtime scheduling. These include group size
for KV prediction 𝐺 , K-cache compression ratio 𝜎 , number
of selected groups𝑀 , and reuse buffer capacity C (Sec. 3.4).
Parameter search tries to balance three tightly coupled

factors: generation quality, inference throughput, andmemory
usage. For example, 𝐺 , 𝑀 , and C affect both I/O cost and
computation, directly influencing throughput.𝐺 and 𝜎 shape
generation quality, while 𝜎 , 𝑀 , and C determine memory
footprint. These interdependencies create a three-way trade-
off where improving one dimension often degrades another.
Since accurate quality evaluation is also costly, finding a
global optimum is impractical. To address this, we use a
greedy-based parameter solver to efficiently search offline
for good local configurations. More details of our parameter
search method can be found in Appendix A.

4 Experimental Setup

4.1 Platform and Workloads

Evaluation platform. We evaluate our approach on the
NVIDIA Jetson Orin AGX [1] embedded platform with a 12-
core Cortex-A78 CPU at 1.3 GHz, an Ampere GPU with 2048
CUDA cores and 64 GB of unified RAM.We apply KVSwap to
twowidely used disk types onmobile and embedded systems:
NVMe (I/O bandwidth 1.8 GB/s) and eMMC (I/O bandwidth
250 MB/s). The system runs JetPack-6.2 with Linux kernel

5.15.148-tegra, CUDA 12.6 and PyTorch 2.7. KVSwap is de-
signed for scenarios with a tight memory budget. However,
as some competing baselines require considerable memory,
we leverage the 64 GB of RAM available on the platform to
ensure that all methods can be evaluated fairly. Sec. 4.3 re-
ports the actual KV-cachememory used in each experimental
setting.
Language models.We evaluate KVSwap on both text and
video understanding tasks using eight LMs of varying sizes.
For text tasks, we use LLaMA-3.1-8B-Instruct (LLaMA3-8B),
LLaMA-3.2-3B-Instruct (LLaMA3-3B) [20], and Qwen3 [64]
models (4B, 8B, 14B). We enable the thinking mode of Qwen3
to evaluate it on CoT reasoning scenarios. For video under-
standing, we select Qwen2.5-VL-3B, 7B [13] and InternVL3-
14B [76].
Tasks. We test on long-context tasks using all English tasks
from LongBench [14], Needle-in-a-Haystack (NIAH) [32],
and eight tasks from RULER [28]. Test context length is fixed
at 32K for RULER, and ranges from 4K to 32K for LongBench
and NIAH. For video understanding, we use open-ended
generation tasks from MLVU [75], including Sub-Scene Cap-
tioning (SSC) and Video Summarization (VS), with context
lengths of 22K–32K per video.

4.2 Competing Baselines

We compare KVSwap to the following baselines:
InfiniGen [36]: This closely related work offloads KV cache
between GPU and CPU memory by predicting and selecting
important KV entries per head and token position, unlike our
group-based prediction. We extend InfiniGen to the modern
GQA attention scheme and adapt its runtime for disk-based
offloading. We also evaluate two enhanced variants: Infini-
Gen* adds head aggregation from our prediction strategy
(Fig. 6), and InfiniGen*+ru further incorporates our KV reuse
strategy to improve disk I/O.
FlexGen [50]: It is designed to offload the entire KV cache
to disk. During decoding, the full KV cache is restored layer
by layer into memory for full attention computation.
ShadowKV [52]: This CPU-GPU KV offloading framework
stores a low-rank K cache on the GPU and offloads the V
cache to CPU memory (see also Sec. 3.2). During generation,
it loads only important parts of the V cache and reconstructs
the K cache on-the-fly. Like InfiniGen, we also adapt its
runtime to support disk offloading.
Loki [51]: It is a sparse attention method originally designed
to accelerate attention computation. We modify its core ap-
proximate attention formulation to function as a predictor
for identifying critical KV entries, and embed it into our
modified version of InfiniGen with disk-offloading support,
where the core prediction components are replaced.
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vLLM [34]: This industry-grade LM serving system stores
the full KV cache in memory by default. We use vLLM to
approximate the throughput upper bound, measuring how
closely an offloading strategy approaches the ideal case with-
out disk overhead. All remaining device memory - after stor-
ing model weights and allocating workspace - is dedicated
to the KV cache. We tune vLLM parameters and report the
best throughput achieved.

4.3 Evaluation Methodology

Perspective.We assess KVSwap under two settings. (A)We
align the per-batch memory consumption of each method
to a consistent, low budget and compare their performance
with varying conditions under this constraint. (B)We fix the
total memory budget and evaluate each method under its
best-case configuration. Notably, for baselines at their opti-
mal settings, per-batch memory consumption varies, which
directly impacts the maximum achievable batch size for each.
We evaluate setting A in Sec. 5.1, 5.2, and 5.3, and setting B
in Sec. 5.4.
Setting A. In setting A, for all offloading methods, we con-
strain the per-batch KV memory budget of all evaluated LMs
to fixed fractions of their corresponding full cache. We em-
ploy two budgets: a relaxed budget (1/13 of the full cache)
and a tight budget (1/34 of the full cache). The latter is de-
noted with the suffix “-t” (e.g., KVSwap-t). Specifically, we re-
configure the baselines as follows: InfiniGen by adjusting the
partial weight ratio [36], Loki by tuning key dimensionality,
and ShadowKV by adjusting chunk size, outliers, and K-cache
rank. For KVSwap, we set 𝑆max = 32K, 𝑏max = 16,𝑀𝐺 = 400,
and maximum K-cache compression ratio 𝜎max = 32.
Setting B. In setting B, we apply the same configuration
for KVSwap as in setting A. And for all offloading base-
lines, we apply their optimal configurations. Specifically, for
ShadowKV and LoKi, we directly adopt the configurations
reported in their source publications. For InfiniGen, since
no reference configurations are readily available, we exper-
imentally set the partial weight ratio to 0.5, resulting in a
conservative 4×KV cachememory reduction. Here, their per-
batch memory consumption varies and is generally higher
than that of KVSwap. To ensure a fair comparison, we in-
stead fix the total memory budget and evaluate each method
at the maximum batch size it can support within this budget.
We evaluate under a relaxed total budget of 2000 MiB and a
tight total budget of 800 MiB.
Example test memory configuration. Tab. 1 shows the
tested memory budgets for LLaMA3-8B. For vLLM, it is an
ideal baseline that uses all available device memory for KV
cache (31 GiB) and is not affected by the evaluation settings.
Qwen3-8B has a memory budget similar to that of LLaMA3-
8B.

Table 1: Tested KV memory budgets for LLaMA3-8B.

For KVSwap in both settings (and offloading baselines

in setting A), we constrain the per-batch KV memory

budget of all evaluated LMs to 1/13 (relaxed) and 1/34
(tight) of their full KV cache. For setting B, we fix the

total KV memory budget to 2000 MiB (relaxed) and

800 MiB (tight) for all offloading methods.

Settings

KV Memory Configuration (MiB)

vLLM (GiB)Relaxed Tight

A (Sec. 5.1, 5.2, 5.3) 310/batch@32K 120/batch@32K 31
B (Sec. 5.4) 2000 in total 800 in total
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Figure 9: Qwen3-8B generation quality on NIAH. x-

axis is the tested context length and the y-axis is the

relative position to test within a context length.

4.4 Performance Metrics

We report generation accuracy and throughput (tokens per
second) during decoding. Accuracy is reported under vary-
ing KV cache budgets and context lengths. Throughput is
measured as the average decoding rate over 1000 continu-
ously generated tokens. Each result is the average of five
runs with different randomly selected test inputs. Unless
otherwise stated, throughput is calculated on LLaMA3-8B,
with Qwen3-8B showing similar trends.

5 Experimental Results

In this section, we show that KVSwap maintains generation
quality while delivering strong throughput, outperforming
all offloading baselines across diverse settings.

5.1 LM Generation Quality

5.1.1 Text processing. Tab. 2 reports the generation accuracy
of LLaMA3-8B on RULER and LongBench with maximum
context length 32K. Full-KV shows raw accuracy using the
entire KV cache, while other results indicate accuracy loss
relative to Full-KV. KVSwap occasionally exceeds Full-KV
due to the probabilistic nature of LMs. Results for Qwen3-8B
are similar and given in Tab.1 of Appendix B.
KVSwap and KVSwap-t (with a tighter memory budget

- see Sec. 4.3) outperform all offloading baselines with ac-
ceptable accuracy loss. InfiniGen has the largest degradation,
as it fails to capture critical KV entries under tight budgets.

8



KVSwap : Disk-aware KV Cache Offloading for Long-Context On-device Inference

Table 2: Relative accuracy loss (%) of LLaMA3-8B compared to Full-KV on RULER (left) and LongBench (right).

Methods S1 S2 MK1 MQ MV QA1 QA2 VT Avg. SQA MQA SUM FSL SYN COD Avg.

Full-KV (raw %) 100.0 100.0 100.0 98.8 99.5 82.0 56.0 96.6 91.6 39.3 41.4 28.0 68.0 99.5 49.1 54.2
InfiniGen −100.0 −100.0 −100.0 −98.8 −99.5 −61.0 −40.0 −96.6 −87.0 −36.0 −37.8 −26.8 −50.8 −99.0 −44.7 −49.2
InfiniGen* −86.0 −97.0 −97.0 −98.3 −99.5 −39.0 −20.0 −93.0 −78.7 −14.4 −14.8 −10.7 −14.6 −5.3 −25.4 −14.2
Loki −3.0 −14.0 −18.0 −67.5 −61.5 −28.0 −15.0 −65.4 −34.0 −7.4 −4.9 −10.8 −8.0 −0.3 −21.6 −8.8
ShadowKV 0.0 −86.0 −84.0 −93.0 −94.5 −13.0 −7.0 −41.0 −52.3 −9.7 −2.8 −4.1 −5.1 −1.5 −6.8 −5.0
KVSwap NVMe 0.0 −1.0 0.0 −3.3 −7.0 −1.0 +2.0 −10.4 −2.6 +0.9 −0.3 −2.1 −0.7 0.0 −1.8 −0.6
KVSwap eMMC 0.0 0.0 0.0 −9.0 −12.0 0.0 −3.0 −11.8 −4.4 −0.5 −0.1 −2.3 −1.4 −0.5 −1.8 −1.1
Loki-t −99.0 −100.0 −100.0 −98.8 −99.5 −57.0 −32.0 −96.6 −85.4 −24.5 −25.7 −20.5 −43.2 −7.6 −38.2 −26.6
ShadowKV-t −21.0 −89.0 −93.0 −95.8 −95.0 −16.0 −6.0 −79.2 −61.9 −15.5 −7.0 −7.1 −10.2 −4.5 −8.0 −8.7
KVSwap-tNVMe 0.0 −1.0 −3.0 −10.8 −13.3 −4.0 0.0 −13.0 −5.6 −2.5 −0.4 −3.0 −2.7 0.0 −5.8 −2.4
KVSwap-teMMC 0.0 −13.0 −16.0 −54.3 −55.8 −13.0 −7.0 −24.6 −22.9 −4.2 −1.1 −3.9 −1.5 −0.5 −5.2 −2.7

Table 3: Relative accuracy (%) and score loss over Full-

KV on reasoning (left) and video understanding (right).

Methods Q4B Q8B Q14B QVL3B QVL7B IVL14B

Full-KV (raw %) 60.5 62.5 66.0 4.5 4.9 4.8

Loki −10.0 −4.1 −9.6 −1.4 −1.0 −2.0
ShadowKV −6.6 −5.4 −7.3 −0.7 −0.6 −0.5
KVSwap NVMe −1.8 −2.4 −2.6 −0.4 −0.3 −0.3
KVSwap eMMC −4.0 −3.0 −4.6 −0.4 −0.3 −0.3

Loki-t −57.2 −47.2 −58.6 −2.5 −2.9 −2.7
ShadowKV-t −50.1 −47.5 −45.0 −2.1 −2.4 −2.4
KVSwap-tNVMe −3.6 −4.8 −6.7 −1.7 −0.6 −0.4
KVSwap-teMMC −7.2 −6.9 −10.0 −1.8 −0.7 −0.5

Table 4: Throughput (tokens/s) comparison of LLaMA3-

8B across batch sizes and context lengths (CLs).

Methods

CL=16K CL=32K

b=1 b=2 b=4 b=8 b=16 b=1 b=2 b=4 b=8 b=16

eM
M
C

FlexGen 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1
Loki/InfiGen 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1
InfiGen* 1.7 1.7 1.5 1.4 1.4 1.6 1.5 1.4 1.4 1.4
InfiGen*+ru 4.0 4.7 5.2 4.2 3.7 4.2 4.4 4.9 4.5 3.5
ShadowKV 3.0 3.8 4.1 4.4 3.4 3.0 3.7 4.2 3.8 3.4
KVSwap 5.9 10.5 16.2 15.8 11.2 6.0 10.3 15.2 15.7 10.9

N
VM

e

FlexGen 0.8 0.8 0.8 0.8 0.8 0.4 0.4 0.4 0.4 0.4
Loki/InfiGen 1.9 1.9 1.9 1.9 1.9 1.9 1.9 1.9 1.8 1.8
InfiGen* 5.0 8.4 10.8 11.3 13.1 5.1 7.5 8.9 10.7 12.0
InfiGen*+ru 5.2 9.2 14.9 22.5 26.6 4.9 8.5 11.9 14.3 17.2
ShadowKV 6.4 10.4 16.3 21.9 26.7 6.4 10.0 16.3 21.5 26.2
KVSwap 6.9 11.9 20.8 35.1 46.1 6.9 11.9 21.4 35.6 46.8

- vLLM 9.7 17.1 28.4 41.2 39.5 9.2 14.1 21.0 20.8 23.2

Although InfiniGen* reduces accuracy loss by incorporating
our head aggregation to reduce prediction noise, it still falls
far behind KVSwap, with average accuracy losses of 78.7%
on RULER and 14.2% on LongBench. By contrast, KVSwap
keeps average accuracy loss within 4.4% and 1.1%. ShadowKV
leads to 52.3% and 5.0% accuracy loss. Loki also suffers high
losses of 34.0% and 8.8%. Furthermore, under a highly con-
strained budget, only KVSwap-t maintains usable accuracy:

≤5.6% and 2.4% loss for NVMe. Note that KVSwap NVMe and
KVSwap eMMC differ because the best group size is 𝐺=4 for
NVMe and 𝐺=8 for eMMC.
Fig. 9 compares KVSwap-t with Loki-t and ShadowKV-t

on NIAH with Qwen3-8B under a tight 130 MiB per-batch
memory budget (using NVMe). The x-axis shows the context
length (or token limit) to be tested, and the y-axis shows
the relative position to be tested within a context; lower
scores with dark regions indicate areas where the model
exhibits degraded capability. Only KVSwap-t maintains full
processing capability at all sequence locations, while Loki-t
and ShadowKV-t suffer substantial generation performance
degradation under the same memory budget.

5.1.2 Reasoning and video understanding. Tab. 3 reports gen-
eration quality on CoT reasoning and video understanding
LMs. For reasoning, we evaluate on three multi-document
QA tasks from LongBench (HotpotQA, 2WikiMultihopQA,
MuSiQue) [14], reporting averaged accuracy across tasks. For
video understanding, we evaluate Qwen2.5-VL-3B (QVL3B),
7B (QVL7B), and InternVL3-14B (IVL14B), reporting aver-
aged scores on MLVU-SSC and MLVU-VS (range: 2-10). Re-
calling evaluation setting A (Sec. 4.3), we configure all of-
floading methods with per-batch memory budgets set to
1/13 and 1/34 of the full KV cache, applied across all models.
We omit InfiniGen and InfiniGen* since Tab. 2 and Tab. 1 of
Appendix B already confirm their poor performance.

Like with text processing, KVSwap outperforms Loki and
ShadowKV on NVMe and eMMC disks, with minor accu-
racy losses ≤4.6%, and score losses ≤0.4. KVSwap-t also
strikes a good balance between KV cache memory footprint
and generation quality, while all other methods incur se-
vere degradation in output quality (≥45.0% accuracy loss on
reasoning models and ≥2.1 points, or 46.7%, on video mod-
els). In contrast, KVSwap-t constraints losses to 3.6-10.0%
on reasoning models and 0.4-1.8 points on video models. Its
advantage grows with model size: ≥0.3 points on QVL3B,
≥1.7 on QVL7B, and ≥1.9 on IVL14B.
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Figure 10: Throughput (TP) comparison across model

sizes at a 32K context with batch sizes of (a) 1 and (b) 8.

Summary. KVSwap maintains accuracy within an accept-
able range across tasks, model sizes, modalities, context
lengths, and disk types, consistently outperforming KV cache
offloading baselines under the same low-level memory bud-
get. Moreover, KVSwap-t remains robust under a very tight
memory budget, while most baselines fail and become im-
practical for use.

5.2 LM Generation Throughput

Tab. 4 presents generation throughput with batch sizes rang-
ing from 1 to 16 and context lengths of 16K and 32K. All,
except FlexGen and vLLM, use a fixed per-batch KV memory
budget of 1/13 of the full KV cache (see setting A in Tab. 1).
FlexGen is unconstrained, as it offloads the full KV cache,
while vLLM serves a throughput baseline under idealized
memory. Loki and InfiniGen perform similarly due to their
fine-grained per-token and per-head design, which yields
poor I/O efficiency; their results are averaged for brevity.
KVSwap outperforms all other offloading methods across
storage devices whilemaintaining the best generation quality
(Sec. 5.1). Throughput remains stable across context lengths
from 16K to 32K since the number of selected KV entries is
fixed, making I/O latency largely independent of sequence
length.
FlexGen, Loki, and InfiniGen achieve only up to 1.9 and

0.1 tokens/s on NVMe and eMMC respectively due to heavy
disk traffic (FlexGen) or poor bandwidth utilization (Loki and
InfiniGen). KVSwap sustains 6.9 tokens/s (NVMe) and 5.9
tokens/s (eMMC) with batch size 1 at 16K context, rising to
35.1 and 15.8 tokens/s at batch size 8. On NVMe, throughput
continues to scale, reaching 46.1 tokens/s at batch size 16,
while eMMC saturates due to its limited bandwidth. Even un-
der saturation, KVSwap maintains significant speedups over
competing baselines. Variants of InfiniGen (InfiniGen* and
InfiniGen*+ru) offer moderate improvements but remain far
behind KVSwap. For instance, at batch size 4 and 16K context
on eMMC, InfiniGen*+ru achieves 5.2 tokens/s versus 16.2
tokens/s for KVSwap, a 3.1× gain. These results confirm the
effectiveness of the grouped KV access pattern we designed.
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Figure 11: Best-case throughput (TP) and accuracy com-

parison using (a) NVMe and (b) eMMC. 𝑏 = largest pos-

sible batch size.

Finally, KVSwap can sometimes surpass vLLM on NVMe
at large batch sizes or contexts by carefully trading LM gen-
eration accuracy for throughput. At context length 16K and
batch size 16, it is 1.2× faster while using 11.0× less KV mem-
ory. Whereas vLLM saturates once its 31 GiB cache limit is
exceeded, KVSwap delivers up to 2.0× higher throughput
with substantially less KV cache memory at an increased 32K
context length, a benefit that grows with workload scale.
A complete throughput comparison with additional 8K

and 24K context lengths is given in Tab. 2 of Appendix B.

5.3 Impact of LM Model Sizes

Fig. 10 compares throughput for LLaMA3 (3B and 8B) and
Qwen3-14B at a 32K context length with batch sizes of 1 and
8, given available KV cache memory for vLLM of around 43,
31, and 16 GiB. Across model sizes, KVSwap outperforms
ShadowKV on eMMC, achieving speedups of over 1.8× (up to
2.1×) at batch size 1, and over 2.9× (up to 4.1×) at batch size
8. On NVMe, KVSwap achieves speedups of at least 1.3× (up
to 1.7×) at batch size 8. Although throughput is comparable
to ShadowKV on NVMe with batch size 1, KVSwap deliv-
ers much better generation quality, as discussed in Sec. 5.1.
When compared with vLLM at batch size 8, KVSwap (NVMe)
achieves throughput improvements of 1.1×, 1.7×, and 1.9× on
the 3B, 8B, and 14B models, respectively. Notably, on the 14B
model, KVSwap with the low-end eMMC disk even surpasses
vLLM by 1.2× at batch size 8. These results demonstrate that
KVSwap scales well as the model grows larger.

5.4 Best-case Configurations for Baselines

So far, we have set a consistent per-batch memory budget for
each KV cache offloading scheme. We now compare KVSwap
against offloading baselines using their recommended best-
case configurations. Given total memory budgets of 2000MiB
and 800 MiB, we compare throughput using the largest pos-
sible batch size supported by each method, as described in
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and throughput (TP) under varying group sizes (x-axis).

Table 5: Reuse ratio and throughput (TP) statistics. "No

Reu." = TP wo/ reuse. "↑" = TP improvement of w/ over

wo/ reuse.

Disk Dataset Metric Min Max Std Avg No Reu. ↑

NVMe
QMSum Reuse(%) 76.2 79.1 0.7 77.3 - 2.1×TP(toks/s) 33.4 38.7 2.0 35.8 17.3

MSQue Reuse(%) 75.3 81.2 1.1 76.2 - 2.0×TP(toks/s) 32.4 37.6 1.5 35.4 17.4

eMMC
QMSum Reuse(%) 76.1 79.2 0.7 77.2 - 4.0×TP(toks/s) 14.4 17.5 0.6 15.7 3.9

MSQue Reuse(%) 76.3 79.4 0.7 77.6 - 3.8×TP(toks/s) 14.5 16.0 0.4 15.3 4.0

Sec. 4.3-setting B. We also report the average accuracy on
two task types of multi-document QA (MQA) and summa-
rization (SUM) from LongBench, six tasks in total, for each
method as a reference.
Fig. 11 presents the results, with vLLM numbers taken

from Sec. 5.2 for direct comparison. KVSwap proves highly
effective at trading a small loss in accuracy for substantially
higher throughput and much lower memory usage. While
vLLM, ShadowKV, and Loki achieve the top-3 accuracy, they
do so at the cost of either large memory demand or low
throughput. In contrast, KVSwap delivers clear advantages in
both throughput and memory efficiency, with only marginal
accuracy degradation. Compared with vLLM, KVSwap on
NVMe reduces KV cache memory by 15.9×–39.7× while still
providing 1.1× higher throughput, at a maximum accuracy
drop of just 2.4%. Relative to ShadowKV, KVSwap achieves
large throughput gains - 7.1× and 8.6× on eMMC, and 3.3×
and 4.5× on NVMe - with accuracy drops ≤1.5%.

6 Analysis of Design Choices

To evaluate how our key design choices, including group size,
KV reuse buffer and number of selected KV entries, affect
the overall throughput and accuracy, we apply KVSwap to
LLaMA3-8B under a 310 MiB per-batch KV memory bud-
get. Accuracy is reported as the average over MV, QA1, and
VT tasks from RULER, while throughput and latency are
measured at a 32K context length with a batch size of 8.
Group size and system efficiency. Figure 12 shows how
throughput and accuracy vary with KV prediction group

0

10

20

30

40

La
te

nc
y 

(m
s)

FG IG* IG*+
reu

Ours
wo/reuOurs

537.9

22.1
13.7 14.8

6.9

(a)

Att+FFN
Predictor
Reuse Op
Disk I/O

200 400 600 800 1000
Num. of Selected Entries

1
2

4

6

8

No
rm

. T
hr

ou
gh

pu
t

(b)

TP-NVMe
Acc-NVMe
TP-eMMC
Acc-eMMC

70

75

80

85

90

Ac
cu

ra
cy

(%
)

Figure 13: (a) Decoding latency breakdown on NVMe.

(b) Trade-off between accuracy and throughput across

KV selection sizes and disk types.

sizes (𝐺). The number beside each point indicates I/O uti-
lization. A group size of 0 disables our head aggregation
strategy. This ablation study reports throughput without
KV reuse to isolate our optimizations. As 𝐺 increases, accu-
racy drops gradually from 88.8% to 83.3%, while throughput
(without reuse) improves from 1.8 to 19.1 tokens/s on NVMe
and 0.1 to 4.2 tokens/s on eMMC. When 𝐺 = 0 or 1, both
throughput and I/O utilization are low. This highlights that
our grouped critical KV prediction is important for improv-
ing the throughput while maintaining generation accuracy.
KVSwap provides an API to automatically obtain the best
group size, but users can configure KVSwap to prioritize
generation accuracy or throughput.
KV reuse and throughput. To analyse the characteristics
and benefits of KV reuse, we evaluate 100 randomly sampled
inputs: 50 from the QMSum meeting summarization dataset
and 50 from the MuSiQue multi-document QA dataset, cov-
ering different use scenarios. Tab. 5 reports reuse rates and
throughput across disk types and datasets. Reuse rates re-
main high across all cases, ranging from 75.3% to 81.2%.
The throughput (in tokens/s) achieves 2.0×–2.1× speedups
on NVMe and 3.8×–4.0× on eMMC compared to the no-
reuse baseline. This indicates that our reuse buffer can effec-
tively improve the throughput, especially for slower persis-
tent storage. Similar trends hold across the evaluated work-
loads: reuse rates vary little across inputs (standard deviation
≤ 1.1%), and throughput variation remains bounded within
2.0 standard deviations on NVMe and 0.6 on eMMC, con-
tributing to no more than 5.6% of the average throughput.
These results justify using the average reuse rate during
offline tuning (Appendix A.1).
Latency breakdown. Figure 13a reports the decoding la-
tency of a single Transformer block. In FlexGen (FG), load-
ing all KV entries from disk makes I/O the bottleneck. In-
finiGen* (IG*) alleviates this with selective loading and our
head aggregation scheme, but I/O latency still dominates.
KVSwap without reuse (Ours wo/ reu) better utilizes disk
bandwidth, reducing latency by 1.5×, already comparable to
InfiniGen*+reuse (IG*+reu). With reuse enabled, I/O latency
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of KVSwap further drops by 4.3×, incurring only 1.0 ms reuse
overhead, and achieves the lowest total latency of 6.9 ms.
Number of selected entries. Figure 13b shows normalized
throughput versus the number of selected KV entries 𝑀𝐺
(omitting the number of KV heads 𝐻𝑘𝑣). Increasing𝑀𝐺 im-
proves accuracy on NVMe and eMMC but reduces through-
put. Beyond 𝑀𝐺 = 400, accuracy gains become marginal
while throughput continues to drop, making𝑀𝐺 = 400 the
balanced trade-off and our default setting.
Rolling buffer. We compare generation accuracy with and
without the rolling buffer (RB) on KV entry group sizes (𝐺)
2, 4, 8 and 12 (see also Tab. 3 of Appendix B). Disabling RB
causes a sharp accuracy drop of ≥29%, since new KV entries
are generated token by token during decoding and often
cannot immediately form a group for prediction. The RB
allows newly generated entries to participate in computation
in a timely manner, helping to preserve accuracy.

7 Discussion

Model weight optimization. KVSwap optimizes KV cache
memory footprint. Weight-centric methods such as quantiza-
tion [23, 37] and parameter offloading [10, 63] are orthogonal
and complementary.
Low-bit KV. KVSwap is designed to preserve generation
quality, but can be combined with low-bit KV compres-
sion [38, 41]. For comparison, 2-bit quantization yields an
8× reduction, while KVSwap achieves more than 30×.
Prefilling optimization. KVSwap can extend to prefilling
by (1) computing attention only for important tokens, and (2)
storing only critical KV entries to disk. It also complements
prefill-oriented frameworks [29].
OS paging. Using OS-level paging is inefficient, as it is
workload-agnostic and misses optimizations like selective
KV loading, reduced transfer, and overlapped prefetching.
ShadowKV+reuse.While employing reuse to ShadowKV [52]
may improve throughput, it cannot meet the tight on-device
memory limits. By algorithm and system co-design, KVSwap
improves both memory efficiency and system throughput.

8 Related Work

KVSwap builds on the following past foundations.
Sparse attention. Sparse attention [18] reduces the memory
and compute overhead of attention and KV cache. Static
methods apply fixed patterns to select KV entries [15, 19,
31, 70], reducing computation but risking loss of long-range
dependencies and accuracy. Dynamic methods adapt token
selection to the input, focusing on tokens that dominate
attention scores [11, 33, 51, 54, 58, 61, 65, 69, 71, 72, 74].
KVSwap builds on this insight by identifying important KV
entries at each step, but adapts it for on-device disk offloading.

Unlike sparse attention, which assumes KV cache is fully
in memory, KVSwap selectively preloads critical KV groups
from disk into memory using two techniques: a compressed
K cache (Sec. 3.2) to reduce memory overhead, and a grouped
KV prediction algorithm (Sec. 3.3) to improve disk I/O.
KV-cache offloading and optimization. InfiniGen [36]
and ShadowKV [52] move KV entries between GPU and CPU,
while SpeCache [30] applies low-bit compression and specu-
lative prefetching. llm-offload [60] and ArkVale [16] adopt
page-based KV managers to recall evicted tokens. These
GPU-CPU offloading methods assume high-bandwidth, low-
latency PCIe connections, whereas mobile and embedded de-
vices rely on NVMe, UFS, eMMC, or SD storages with orders-
of-magnitude lower bandwidth and higher latency. This
makes disk-based offloading a fundamentally harder problem.
KVSwap is the first framework explicitly designed to tackle
this challenge. Optimizations are also proposed to time-to-
first-token (TTFT) to reduce startup delay. CacheBlend fuses
cached knowledge for faster retrieval-augmented genera-
tion [66], IMPRESS [17] accelerates prefix KV loading on
server-class SSDs, and CacheGen [39] compresses KV for
faster transmission. In contrast, KVSwap targets iterative
decoding on resource-constrained devices, where decoding
throughput - not TTFT - is the primary bottleneck.
On-device inference. General-purpose LM serving frame-
works such as llama.cpp [2] and MLC-LLM [4] enable in-
ference on consumer hardware. Beyond these, recent work
has explored memory-efficient serving through quantiza-
tion and weight optimization. Other approaches exploit con-
textual sparsity [40], weight offloading [10, 63], or model
specialization such as EdgeMoE [67]. System-level advances
include LLMCad [62] for speculative decoding and architec-
tural redesigns for mobile platforms [42, 43, 55, 56]. Most
of these efforts focus on optimizing model weights. In con-
trast, KVSwap tackles the growing overhead of the KV cache,
the main bottleneck for long-context inference and largely
overlooked in on-device scenarios. It complements weight-
centric optimizations to enable long-context LM inference
on memory-limited devices.

9 Conclusion

We have presented KVSwap, a KV cache offloading scheme
to support long-context on-device LM inference on mobile
and embedded devices. KVSwap leverages non-volatile sec-
ondary storage as a swapping medium to offload KV cache
data. Through the co-design of algorithms and the runtime
system, it delivers substantial system efficiency improve-
ments over existing KV cache offloading solutions while
maintaining generation quality. KVSwap delivers good scal-
ability under different context lengths, batch sizes, model
sizes, and limited memory budgets.
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A Details of KVSwap’s Parameter Search

As described in the main text, KVSwap provides an API to
search for a set of parameters to be used by the KVSwap run-
time. Search is achieved through a combination of heuristics
and a greedy-based search parameter solver using profiling
informaiton.

A.1 Precomputed parameter lookup tables

To reduce tuning cost, the KVSwap API allows precomputing
hardware-independent parameters on a high-performance
server. This is done by profiling the LM on selected datasets,
with results stored in two lookup tables: (1) reuse buffer ca-
pacity C to reuse rate, and (2) compression ratio 𝜎 to the
low-rank adapter for building the compressed K cache. As
shown in Sec.6, reuse rates for a given C are largely input-
invariant, so we store the average value to accelerate tuning.
By default, precomputation uses the C4 dataset [49] with 20
sampled batches, though both dataset and sample size are
user-configurable via the API.

A.2 Number of selected entries

Recall that KVSwap predicts and loads important KV cache
entries in groups. For a group size 𝐺 and a selected group
number 𝑀 , the size of the KV preloading buffer is 𝐻𝑘𝑣𝑀𝐺 ,
where 𝐻kv is the number of KV heads. While 𝐻𝑘𝑣𝑀𝐺 affects
the I/O latency, its impact on memory is negligible because:
(a) our layerwise preloading strategy allows this buffer to be
shared across all layers, andwith KV reuse enabled, the buffer
is merged into the reuse buffer; and (b) prior work [52, 74]
shows that critical KV entries are sparse, typically compris-
ing less than 5% of the long context. This allows us to preset
𝐻𝑘𝑣𝑀𝐺 to reduce the search space with minimal accuracy
loss. As 𝐻𝑘𝑣 is a model constant, we control the number of
selected entries by fixing𝑀𝐺 = Const (e.g., Const = 400).

A.3 Metric measurement

We use sampled profiling to obtain two metrics, I/O delay
and model delay, which depend on the underlying hardware
and the target LM. In this work, we configure KVSwap to
use NVIDIA NVTX [6] and Nsight Systems [5] to collect
timing information for the core functions (instrumentation
is enabled by turning on an KVSwap option) of the KVSwap
runtime, but other profiling tools can be used by overwrit-
ing a KVSwap method. Profiling is performed by sampling
different combinations, (𝑏, 𝑆), of batch sizes 𝑏, and context
lengths 𝑆 . Specifically, we construct the sets {𝑏} and {𝑆} by
sweeping 𝑏 ∈ [1, 𝑏max] and 𝑆 ∈ [𝑆min, 𝑆max], where 𝑆min is a
predefined lower bound context length (e.g., 4K). By default,
the steps for 𝑏 and 𝑆 are set to 1 and 2K, respectively, but
may be increased when 𝑏max or 𝑆max is excessively large to

Figure 1: Workflow of the KVSwap runtime parameter

solver for parameter tuning.

reduce the time cost of exhaustive profiling. We apply in-
terpolation on the measured configurations to estimate the
values of missing points. In addition to (𝑏, 𝑆), we sweep the
compression ratio 𝜎 and reuse buffer capacity C over the
keys of lookup tables (Sec. A.1), which are designed to span
a sufficiently large range and fine granularity.
Specifically, for given 𝑏, 𝑆 , 𝜎 , C, the number of selected

groups𝑀 , group size𝐺 , and𝑀𝐺 = Const, we profile KVSwap
when serving the target LM on a sample data:
The I/O delay: 𝑇io (𝑏, Const,𝐺, C) measures disk load time
for KV entries. The effect of C is modeled by averaging the
latency using multiple randomly sampled reuse patterns
according to the lookup reuse rate. We omit incremental disk
updates because their latency is small and hidden within the
compute–I/O pipeline.
The model delay: 𝑇model (𝑏, Const, C, 𝑆, 𝜎) covers the time
spent on standard transformer blocks (i.e., attention and FFN),
and the overhead introduced by KVSwap’s prediction and
reuse-buffer management. Attention time depends on 𝑏 and
Const; prediction time on 𝑏, 𝜎 , and 𝑆 ; and reuse management
cost on 𝑏, C, and Const. Compact K cache and rolling buffer
updates are negligible.

As a Transformer-based LM typically consists of multiple
stacked Transformer blocks, we only need to profile a single
block as a representative, which takes only a few seconds
per parameter combination.

A.4 Parameter solver

Figure 1 shows the workflow of the KVSwap parameter
solver. It first determines the compression ratio 𝜎 so that the
memory budget B is not exceeded. It then finds the smallest
possible 𝐺 that can hide I/O latency within computation.
Overlapping I/O and computation. I/O latency can be
substantial on slower disks (e.g., eMMC) or under batched
processing, and fully hiding I/O may severely degrade gen-
eration quality. To balance this trade-off, we introduce a
relaxation factor 𝛼 , permitting only a (1 − 𝛼) fraction of I/O

16



KVSwap : Disk-aware KV Cache Offloading for Long-Context On-device Inference

Table 1: Relative accuracy loss (%) of Qwen3-8B compared to Full-KV on RULER (left) and LongBench (right).

Methods S1 S2 MK1 MQ MV QA1 QA2 VT Avg. SQA MQA SUM FSL SYN COD Avg.

Full-KV (raw %) 100.0 100.0 100.0 99.8 98.8 79.0 67.0 100.0 93.1 41.6 44.6 26.0 69.8 100.0 56.9 56.5
InfiniGen −100.0 −100.0 −100.0 −99.8 −98.8 −67.0 −48.0 −99.8 −89.2 −29.7 −33.4 −18.7 −32.5 −91.3 −46.7 −42.1
InfiniGen* −56.0 −100.0 −99.0 −99.8 −98.8 −34.0 −18.0 −38.2 −68.0 −11.1 −6.6 −4.7 −8.3 −41.0 −13.6 −14.2
Loki 0.0 0.0 0.0 −1.0 −6.3 −5.0 −5.0 −3.0 −2.5 −2.5 +0.5 +1.2 −0.9 0.0 −3.7 −0.9
ShadowKV −2.0 −2.0 −6.0 −4.5 −17.5 −13.0 −12.0 −19.6 −9.6 −4.6 −1.3 −0.7 −0.8 −2.0 −4.6 −2.3
KVSwap NVMe 0.0 0.0 0.0 −0.5 +0.5 −2.0 −5.0 0.0 −0.9 −1.3 −0.7 −1.1 −1.3 0.0 −1.2 −0.9
KVSwap eMMC 0.0 0.0 0.0 −0.3 +0.2 −4.0 −9.0 −0.4 −1.7 −0.9 −1.3 −1.1 −0.6 0.0 −2.4 −1.1
Loki-t −100.0 −100.0 −100.0 −99.8 −98.8 −59.0 −44.0 −93.8 −86.9 −14.1 −10.9 −4.8 −8.3 −25.5 −27.1 −15.1
ShadowKV-t −100.0 −98.0 −96.0 −97.0 −96.3 −38.0 −24.0 −100.0 −81.2 −15.7 −15.3 −8.4 −10.3 −44.0 −16.0 −18.3
KVSwap-tNVMe 0.0 0.0 0.0 0.0 −1.3 −15.0 −12.0 −0.2 −3.6 −1.8 −2.7 −1.4 −1.7 0.0 −2.9 −1.8
KVSwap-teMMC 0.0 0.0 0.0 −0.5 −1.0 −21.0 −11.0 −1.6 −4.4 −2.3 −1.6 −1.4 −2.6 0.0 −2.7 −1.8

Table 2: Full throughput (tokens/s) comparison of LLaMA3-8B across batch sizes and context lengths (CLs).

Disks Methods

CL=8K CL=16K CL=24K CL=32K

b=1 b=2 b=4 b=8 b=16 b=1 b=2 b=4 b=8 b=16 b=1 b=2 b=4 b=8 b=16 b=1 b=2 b=4 b=8 b=16

eMMC

FlexGen 0.2 0.2 0.2 0.2 0.2 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1
Loki/InfiniGen 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1
InfiniGen* 1.7 1.6 1.5 1.5 1.5 1.7 1.7 1.5 1.4 1.4 1.6 1.5 1.4 1.4 1.4 1.6 1.5 1.4 1.4 1.4
InfiniGen*+ru 4.3 5.2 5.7 4.6 3.5 4.0 4.7 5.2 4.2 3.7 4.2 4.5 5.1 4.4 3.5 4.2 4.4 4.9 4.5 3.5
ShadowKV 2.7 3.7 4.2 4.5 4.4 3.0 3.8 4.1 4.4 3.4 2.8 3.5 4.1 4.1 3.4 3.0 3.7 4.2 3.8 3.4
KVSwap 5.9 10.8 16.1 18.7 15.0 5.9 10.5 16.2 15.8 11.2 6.0 10.4 15.3 15.7 11.1 6.0 10.3 15.2 15.7 10.9

NVMe

FlexGen 1.6 1.6 1.6 1.6 1.6 0.8 0.8 0.8 0.8 0.8 0.5 0.5 0.5 0.5 0.5 0.4 0.4 0.4 0.4 0.4
Loki/InfiniGen 1.9 1.9 1.9 1.9 1.9 1.9 1.9 1.9 1.9 1.9 1.9 1.9 1.9 1.9 1.8 1.9 1.9 1.9 1.8 1.8
InfiniGen* 5.2 8.8 10.9 12.4 13.9 5.0 8.4 10.8 11.3 13.1 5.3 8.2 11.0 11.8 13.5 5.1 7.5 8.9 10.7 12.0
InfiniGen*+ru 5.5 9.6 16.8 25.0 30.8 5.2 9.2 14.9 22.5 26.6 5.2 8.7 13.1 19.4 23.1 4.9 8.5 11.9 14.3 17.2
ShadowKV 6.5 11.1 16.9 22.2 26.7 6.4 10.4 16.3 21.9 26.7 6.4 10.0 16.1 20.4 25.8 6.4 10.0 16.3 21.5 26.2
KVSwap 6.8 12.0 20.0 35.7 48.2 6.9 11.9 20.8 35.1 46.1 7.0 11.8 21.3 35.8 45.2 6.9 11.9 21.4 35.6 46.8

None vLLM 10.0 19.3 35.4 55.2 81.7 9.7 17.1 28.4 41.2 39.5 9.2 14.8 24.0 32.1 30.0 9.2 14.1 21.0 20.8 23.2

Table 3: Accuracy (%) w/ and w/o rolling buffer (RB) for

different KV prediction/selection group sizes (𝐺).

G=2 G=4 G=8 G=12

With RB 86.9 86.6 84.9 84.4
No RB 57.9 41.1 34.9 30.6

to be hidden within computation. If hiding fails at 𝐺max, the
solver reallocates part of the memory budget to the reuse
buffer (increasing C by 𝛿) to reduce I/O volume, while adjust-
ing 𝜎 to stay within budget and restarting the search from
𝐺 = 1. The search stops once (1−𝛼) of I/O is overlapped with
computation or the limits 𝜎max and 𝐺max are reached. Gen-
eration quality is preserved by keeping 𝜎 and 𝐺 as small as
possible, with 𝜎max and 𝐺max preventing excessive accuracy
degradation under tight memory budgets.
Record solutions. KVSwap records the optimal parame-
ter setting for each batch size 𝑏 and context length 𝑆 pair
(𝑏, 𝑆).Given B and 𝑀𝐺 = Const, the solver sweeps over
(𝑏, 𝑆) pairs and stores every solution. At runtime, parame-
ters are retrieved by exact match; if unavailable, the nearest

pair is chosen. Since users only specify the maximum mem-
ory budget Bmax and the maximum batch size 𝑏max, actual
memory usage scales with 𝑏. To account for this, we allocate
a uniform per-batch budget of Bmax/𝑏max.

B More Evaluation Results

Tab. 1 compares the generation accuracy of Qwen3-8B on
RULER and LongBench. Tab. 2 presents the generation through-
put on NVMe and eMMC with batch sizes of 1, 2, 4, 8, 16,
and context lengths of 8K, 16K, 24K and 32K for LLaMA3-8B.
Tab. 3 compares the average generation accuracy with and
without the rolling buffer on KV entry group sizes (𝐺) of 2,
4, 8, and 12, for LLaMA3-8B over MV, QA1, and VT datasets
from RULER.
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