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Abstract

Language models (LMs) are enabling a new class of mobile and
embedded AT applications, including meeting and video summa-
rization, document analysis, and other multi-input workloads that
require long-context reasoning. Running these models locally im-
proves privacy, enables offline use, and lowers serving cost. How-
ever, on-device long-context inference is fundamentally constrained
by a memory capacity wall: the key-value (KV) cache grows linearly
with context length and batch size, quickly exceeding available
memory. Existing KV-cache offloading 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 unified memory, and sec-
ondary storage offers limited, highly asymmetric I/O bandwidth.
We present KVSwap, the first KV-cache management framework
for resource-constrained mobile systems that uses storage, rather
than CPU RAM, as the KV-cache backing store for long-context
inference. KVSwarP stores the full cache on disk, uses compact in-
memory metadata to predict and preload future accesses, overlaps
computation with hardware-aware storage transfers, and optimizes
read patterns for device characteristics. Our evaluation shows that
across representative LMs and storage types, KVSwapr delivers
higher throughput under tight memory budgets while maintaining
generation quality over existing KV cache offloading schemes.

CCS Concepts

« Human-centered computing — Ubiquitous and mobile com-
puting.
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1 Introduction

Language models (LMs) have shown strong capabilities in long-
form document analysis and multimedia understanding [40, 78, 83].
These underpin emerging mobile and embedded applications such
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as smart note-taking for meetings [24, 53], document analysis [9,
27], voice assistants for transcription and summarization [13, 29],
and video search with natural language queries [13, 28]. Increas-
ingly, users expect these capabilities to run directly on their devices.

On-device deployment offers clear benefits: enhanced privacy
by keeping data on-device, offline functionality under poor connec-
tivity, and avoiding LM API costs. With the growing availability of
powerful GPUs and NPUs on modern system-on-chips [3, 7, 56],
local deployment is becoming feasible.

However, running LMs efficiently on resource-constrained de-
vices like mobile and embedded Al systems remains challenging
due to limited memory capacity and I/O bandwidth. While quan-
tization [26, 44] and parameter offloading [11, 73] 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 [41, 60], mitigating GPU pressure in server settings
with abundant CPU RAM and high memory bandwidths. These
techniques, however, are ill-suited for mobile and embedded sys-
tems, where GPUs or NPUs typically share only 8-32 GB of RAM
with the CPU. A natural alternative is to offload the KV cache
to non-volatile storagel, such as NVMe-, UFS-, or eMMC-based
devices. However, without careful optimization, this approach se-
verely degrades performance: mobile memory bandwidth is roughly
100 GB/s, while disk bandwidth 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 an-
swer, we propose KVSwaP, a new framework for extended-context
LM inference on resource-constrained devices. Built on FlexGen [58],
KVSwapr supports diverse LM architectures and storage types, with
simple APIs to use. KVSwar 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 com-
putation, reducing disk stalls without compromising generation
quality. The KVSwaP runtime automatically overlaps disk transfers
with compute and synchronizes memory-disk copies.

'We use disk for non-volatile storage and memory for main memory.
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The design of KVSwAP needs to overcome two major chal-
lenges introduced by on-device disk offloading. First, the ever-
increasing KV-cache size introduced by long-context is a challenge
for resource-constrained mobile and embedded devices. The lim-
ited memory capacity and strict per-application memory quotas
result in a tight memory budget, far beyond what existing KV-cache
offloading methods, which were primarily designed for server-side
deployments, can accommodate. To address this, KVSwAP proposes
a compression and reconstruction algorithm that enables aggressive
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 controller reads
larger physical units (e.g., entire NAND pages) than requested [30,
52], resulting in extra data movement and unnecessary read opera-
tions. To mitigate this, KVSwAP groups KV entries at appropriate
granularities and optimizes access patterns. It integrates a software
cache (reuse buffer) to retain recently accessed entries across gener-
ations. This reduces redundant I/O, which is particularly important
for low-bandwidth devices (< 200 MB/s) and batched inference,
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 [19, 46, 76]. Designed for cloud serving, these
methods mainly optimize time-to-first-token (T TFT) to reduce start-
up latency. However, they are ineffective for iterative decoding on
resource-constrained devices, as they still incur high memory over-
head and assume static rather than evolving KV caches. KVSwar
addresses this gap by targeting the decoding stage of LM inference, ef-
ficiently managing dynamic KV caches to reduce memory use while
preserving generation quality. KVSwap also differs from GPU-CPU
offloading and sparse-attention systems designed for server sys-
tems [17, 41, 58-61, 84]. It is the first framework built for KV-cache
offloading under the tight memory and I/O constraints of mobile de-
vices, enabling high-quality long-context on-device generation for
single-request and batched workloads like meeting summarization
and batch video processing.

We evaluate KVSwWAP on text, reasoning and video LMs across
model sizes, memory budgets, disk types, batch sizes, and con-
text lengths. Compared with the strongest KV cache offloading
baseline, KVSwaP delivers up to 1.8X (NVMe) and 4.1x (eMMC)
throughput improvements at 32K context length under the same
memory budget, while providing substantially higher generation
quality. Against the industry-grade vLLM [39] working in an ide-
alized setting where all available memory is dedicated to the KV
cache - KVSwap achieves comparable or higher throughput but
using 11.0% less KV cache memory.

This paper makes the following contributions. It presents:

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

e a memory-efficient algorithm and system co-design that accu-
rately identifies and accesses groups of critical KV entries, achiev-
ing substantial memory compression while preserving quality;

e a runtime system for managing and caching KV entries, with
optimized computation pipeline and reduced I/O transfers.
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Figure 1: KV cache memory footprint across batch sizes (b)
and sequence lengths (x-axis) of Qwen3-4B.

Online materials. The code and data associated with this work
are available at https://github.com/hwhwz23/KVSWAP-CODE .git.

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 con-
ditioned 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) [68].

Attention is central to 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 contextualized representations. Multi-head atten-
tion (MHA) [65] 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)[10] addresses this by sharing keys and values across heads,
reducing memory overhead while maintaining accuracy. GQA is
widely adopted in state-of-the-art models, including Qwen3 [74].

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 [55].

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), retaining 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.
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block sizes (bytes).

2.3 KV Cache Disk Offloading

Recent studies have shown that only a small fraction of tokens con-
tribute significantly to attention score computation [42, 84]. This
suggests that retaining a compact set of influential KV cache entries
in memory can substantially reduce memory usage without compro-
mising model accuracy. However, during iterative decoding, the set
of influential tokens evolves with the context and query [41, 60, 61].
As a result, maintaining a static subset of KV entries becomes inef-
fective. This motivates our approach to dynamically load KV cache
entries by predicting the most relevant tokens at each generation
step.

Existing techniques improve KV cache efficiency by offloading
data from GPU to CPU memory [41, 60], where both memory tiers
offer high bandwidth and low latency. In contrast, our work targets
embedded and mobile platforms, where RAM is limited and subject
to strict constraints. We instead offload KV cache from memory to
disk, operating under a much more constrained storage hierarchy
with significantly lower bandwidth and higher latency.

To assess the feasibility of disk offloading, we profile the random

read bandwidth of two representative types of disks - NVMe? and
eMMC - under varying block sizes. We focus on random, rather than
sequential access patterns because our setting requires selectively
retrieving critical KV entries, 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/0O 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 entry?, the effective bandwidth
drops below 6% of peak bandwidth for both devices.

We observe that bandwidth utilization improves substantially
with larger block sizes. KVSwaP addresses this by adopting a quality-
aware, group-wise strategy that packs multiple KV entries into a sin-
gle transfer. This amortizes I/O overhead and reduces fragmentation
while incurring negligible model accuracy degradation (Sec. 3.3).

2.4 Drawbacks of Prior Offloading Schemes

High memory overhead. Recent KV cache offloading methods [41,
58, 60] are designed for CPU-GPU transfer on servers and are ill-
suited for disk-based on-device offloading. They do not explicitly
consider extremely tight memory constraints (e.g., <500 MiB), a
regime that closely matches the practical application memory bud-
get in common on-device deployment scenarios. Fig. 3a compares
2UFS-based storage is not supported on our platform, but it exhibits I/O bandwidth

and characteristics similar to NVMe.
3128 (head dimension) X 2 (key and value) x 2 Bytes (float16) = 512 Bytes.
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Figure 3: (a) KV cache management memory with batch=8
and varying context lengths (x-axis); (b) Decoding latency ra-
tios of I/O to compute under 32K context length and batch=8.

the KV cache management memory of InfiniGen [41] and Shad-
owKYV [60] against storing the full cache in memory for Llama3-8B.
Their designs introduce a significant memory footprint, particu-
larly for long contexts. For example, with a 16K context length
and batch size 8, memory consumption already reaches 4 GiB and
2.7 GiB. Here, we attempted to reconfigure their parameters 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 compression ratios. A detailed discussion is provided
in Sec. 3.2 and Sec. 3.3.

Low 1/0 efficiency. The fine-grained head- or token-level oper-
ations create fragmented disk access patterns, causing excessive
small disk reads and degrading I/O efficiency. As an example, Fig. 3b
shows the decoding latency ratio of I/O to compute for FlexGen [58],
InfiniGen [41], and ShadowKYV [60]. Note that FlexGen does not
select KV entries; instead, it loads the full KV cache into memory.
All these methods exhibit ratios far exceeding 1, with some cases
reaching over 100. While ShadowKYV 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 further 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 limits system decoding, resulting in
low generation speed and energy waste. KVSwar is designed to
avoid these pitfalls.

3 Our Approach

KVSwar is a Python framework that supports PyTorch-based Trans-
former LMs and provides simple APIs for model serving and param-
eter tuning. Fig. 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.

Fig. 5 gives a high-level overview of KVSwap. KVSwap reduces
memory pressure and improves system efficiency by: (a) offloading
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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).

Disk
(a) FullLKV Cache
Mem _}(d @@ i)
(e) Reuse (b)

Buf. K Rep.
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Atten& (c) 1/0
FFN Predictor Req.

Figure 5: High-level overview of KVSwap.

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) effectively 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 periodically updates the
on-disk full cache and the in-memory representation with newly
generated data. For shorter context, KVSwapP keeps the KV cache
fully in memory when possible to minimize the data movement
overhead.

Key technical contributions of KVSwarp include low-rank key
cache summaries for importance prediction, and disk-aware grouped
KV prefetching with buffer reuse. The predictor is detailed in Sec. 3.1
and Sec. 3.3, the in-memory compression scheme in Sec. 3.2, and
the runtime scheduling and reuse buffer in Sec. 3.4.

3.1 Predicting Important KV Cache Entries

The KVSwar KV predictor identifies, at runtime, a subset of KV
entries needed for each attention computation. Like InfiniGen [41],
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 [41],
our setting assumes the entire KV cache resides on disk, where
memory and I/O bandwidth are limited. To make prediction feasible,
KVSwaAP maintains a compact in-memory representation of the K
cache. This compressed cache is used to compute approximate
attention scores and select a configurable number of top-ranked
KV entries as groups for preloading.
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Thus, the predictor balances two objectives: (1) minimizing mem-
ory footprint, through K cache compression and reconstruction, and
(2) improving disk efficiency, through grouped critical KV predic-
tion. 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 approx-
imation. Instead of storing every detail of the K matrix, we keep
a smaller “summary” that captures its most important patterns.
The compressed K cache is automatically managed and updated
by the KVSwaAP runtime (Sec. 3.4.1). Since the low-rank K cache
is used only for estimating attention scores - not for actual atten-
tion computation - precision can be flexibly traded for memory
efficiency.

We consider two designs: (a) per-head compression, compressing
each head with a separate projection matrix, and (b) joint-head
compression, merging head and embedding dimensions with a single
projection. We adopt the latter for its unified representation and
lower memory cost, reconstructing the multi-head structure during
prediction (Sec. 3.3).

We first reshape the K cache into a matrix of size N X (Hy - d),

where N is the token count, H 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 He-d)xr
with r < Hy - d. To obtain A, KVSwap applies Singular Value De-
composition (SVD) [23] to a flattened K cache (Kgy, € RN (Hy-d))
collected during offline parameter tuning. By default, samples of
this K cache are drawn from general-purpose datasets [51, 57],
though users may provide their own through the KVSwap APIL.
Formally, SVD(Kgn) = U diag(S) VT, where V € RHed)xm and
m = min(N, Hy - d). The top-r right singular vectors of V form A,
and the compressed K cache is K, = Flatten(K)A, with compres-
sion level controlled by the compression ratio, o = Hde. We found
that the resulting low-rank adapter generalizes well to different
datasets.
Compared with prior K cache compression scheme. While
ShadowKV [60] 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 reconstruct the full K cache
for computation. Hence, it has to use a conservative compression
ratio to limit accuracy loss. In contrast, KVSwar 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 generation
quality even under high compression ratios, whereas ShadowKV de-
grades significantly (Sec. 5.1). The construction method also differs.
ShadowKV performs an online SVD at runtime, adding substantial
prefill latency (e.g., 4.9x slower at 8K context length).? 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 are
most important for attention computing in the next layers and only

“From 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.

preloads these. A unique feature of KVSwar is that it first groups
G consecutive key-value (KV) entries to align 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 [41, 59, 60] that predicts on individ-
ual 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,
Ki;, 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:

T
QhK;(h) ~ Qp (Ker;(h)) = (QhAg(h)) Kl-; (1)

Here, Q5 € R™ is the query vector for head h; Ay € RI*T g
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 term QA (p)
as a low-rank query vector. This enables the reconstruction of
multi-head attention from a compressed, head-unified Kj;, 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. Specifi-
cally, 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 X; using X;_;, taking advantage of the observation
that the input (embeddings) to a Transformer layer i is often similar
to that at layer i—1 [41, 65]. Using this approximation, we apply
layer i’s projections to obtain a low-rank multi-head query vector
QNIir. Together with Kfr , this vector is used in a low-rank attention
computation to estimate the attention scores for layer i. Since early-
layer inputs vary significantly, we use exact inputs for the first two
layers and previous-layer inputs thereafter, as justified in Sec. 6.1.
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 of M most relevant KV entry groups to load for layer i.
Compared with prior prediction method. Unlike prior work [41],
our approach introduces prediction at the group granularity, rather
than at individual KV entries. Beyond this, while InfiniGen [41], a
representative prior work, also employs approximated attention
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Figure 8: Frequency and overlap ratio (OLR) of predicted
critical KV groups over 300 decoding steps. Group indices
are reordered by frequency for clarity.

as its prediction mechanism, our algorithm differs in two funda-
mental aspects. (1) InfiniGen 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 applies 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, enabling more aggressive compression.
We then reconstruct multi-head attention from this representation
using Eq.1.

3.4 KVSwapr Runtime System

We now introduce the overall KVSwap runtime system, which oper-
ates during the prefilling and decoding stages (Sec. 2.1). During the
prefilling phase, KVSwaP captures the LM-generated KV cache for
the input prompts and writes 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 predictor (Sec. 3.3) and the KV cache manager
(Sec. 3.4.4) to efficiently support disk-based KV cache loading and
attention 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 computation, 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

Att
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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 importance of recent entries cannot
be assessed until a group is completed. Thus, the RB temporarily
stores recently generated 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 [15] samples, we define 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 steps®. 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 critical 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 introduce a
KV reuse buffer (not to be confused with the rolling buffer described
in Sec. 3.4.1 that stores the recently generated 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 attention kernel for computation
directly; if not, the KV group 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 computation
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 entries from the rolling
buffer. The KVSwapr KV cache manager uses a mapping table to
logically address these heterogeneous memory regions - similar to
OS virtual memory. This abstraction provides direct compatibility
with PagedAttention [39], 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).

SResults from layers 8, 16, 25 are shown; other layers have similar patterns.
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3.5 Offline Parameter Tuning

KVSwar provides an API (Fig. 4a) for one-off offline parameter
tuning, which selects optimal runtime settings based on user con-
straints (maximum memory Byax, context length Spay, and batch
size bmax), the target LM, and the hardware platform. In our evalu-
ation, 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 o, number of selected groups M, and reuse buffer capacity C.

Parameter search tries to balance three tightly coupled factors:
generation quality, inference throughput, and memory usage. For
example, G, M, and C affect both I/O cost and computation, directly
influencing throughput. G and o shape generation quality, while o,
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.

3.6 Implementation Details

We implement the core component of KVSwap by extending Flex-
Gen [58] with about 5K lines of Python code. LM computation
uses the PagedAttention kernel from vLLM [39] together with Py-
Torch [54] operators. The KVSwap predictor and main computation
execute asynchronously, with synchronization mechanisms to en-
sure correctness.

For disk access, we develop the underlying I/O engine using
the asynchronous I/O interface io_uring provided by the Linux
kernel, with a small CPU-pinned memory buffer as a staging area
between disk and GPU memory. At initialization, KV cache files are
preallocated on disk according to a user-configured size. The KV
cache is stored on disk in a grouped layout with a configurable block
size G, where the keys and values of all heads in a group are placed
contiguously to improve locality and effective disk bandwidth.

For KV reuse, we maintain a mapping table that marks valid KV
positions. Missed entries are transferred in bulk to contiguous GPU
memory rather than scattered back to their original slots, avoiding
many small memory copies and reducing data movement overhead.

4 Experimental Setup
4.1 Platform and Workloads

Evaluation platform. Our main evaluation platform is the NVIDIA
Jetson Orin AGX [1] embedded platform with a 12-core ARM
Cortex-A78 CPU, an Ampere GPU with 2048 CUDA cores and
64 GB of unified RAM. In addition, we also evaluate KVSwaP on the
NVIDIA Jetson Orin Nano, which features a reduced 6-core CPU,
1024 CUDA cores, and 8 GB of RAM, to demonstrate cross-platform
generalization (Sec. 5.2.2).

We apply KVSwar to two widely used disk types on mobile 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, because
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some competing baselines require substantial memory, we leverage
the platform’s 64 GB of RAM to ensure all methods are evaluated
fairly. Sec. 4.3 reports the actual KV-cache memory used in each
experimental setting.

Language models. We evaluate KVSwaPr 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) [22], and Qwen3 [74] models (0.6B-14B). We enable the
thinking mode of Qwen3 to evaluate it on CoT reasoning scenarios.
For video understanding, we select Qwen2.5-VL-3B, 7B [14] and
InternVL3-14B [86].

Tasks. We test on long-context tasks using all English tasks from
LongBench [15], Needle-in-a-Haystack (NIAH) [37], and eight tasks
from RULER [31]. Test context length is fixed at 32K for RULER,
and ranges from 4K to 32K for LongBench and NIAH. For video un-
derstanding, we use open-ended generation tasks from MLVU [85],
including Sub-Scene Captioning (SSC) and Video Summarization
(VS), with context lengths of 22K-32K per video.

4.2 Competing Baselines

We compare KVSwaP against an extensive set of baselines and prior
work, as described below.

InfiniGen [41]: This closely related work offloads KV cache be-
tween GPU and CPU memory by predicting and selecting important
KV entries per head and token position, unlike our group-based pre-
diction. We extend InfiniGen to the modern GQA attention scheme
and adapt its runtime for disk-based offloading. We also evaluate
three enhanced variants of InfiniGen: 1) InfiniGen™ incorporates
head aggregation from our prediction strategy (Fig. 6), 2) Infini-
Gen ™ +ru further introduces our KV reuse strategy to reduce disk
1/0 overhead. and 3) InfiniGen *+gp additionally applies our grouped
selection mechanism.

FlexGen [58]: 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.

ShadowKYV [60]: 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 impor-
tant 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 [59]: It is a sparse attention method originally designed to
accelerate attention computation. We modify its core approximate
attention formulation to serve as a predictor for identifying critical
KV entries and embed it into our modified version of InfiniGen with
disk-offloading support, replacing its core prediction components.
vLLM [39]: 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 offload-
ing strategy approaches the ideal case without disk overhead. All
remaining device memory - after storing model weights and allo-
cating workspace - is dedicated to the KV cache. We tune vLLM
parameters and report the best throughput achieved.

SnapKYV [42]: In Sec. 6.3, we compare KVSwAP to this representa-
tive in-memory compression method that compresses the prompt
KV entries to save memory.
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Table 1: Tested KV memory budgets for Llama3-8B.

. KV Memory Configuration (MiB) .
Settings Relaxed Tight vLLM (GiB)
A (Sec.5.1,5.2,5.3)  310/batch@32K 120/batch@32K a1
B (Sec. 5.4) 2000 in total 800 in total

Note: For KVSwaP in both settings (and offloading baselines in Setting A), we
constrain the per-batch KV budget of all evaluated LMs to 1/13 (relaxed) and 1/34
(tight) of their full KV cache. In Setting B, we fix the total KV budget to 2000 MiB
(relaxed) and 800 MiB (tight) for all offloading methods.

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 optimal settings, per-batch memory consumption
varies, which directly impacts the maximum achievable batch size.
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 constrain the
per-batch KV memory budget of all evaluated LMs to fixed fractions
of their corresponding full KV cache. We employ two budgets: a
relaxed budget (1/13 of the full KV cache) and a tight budget (1/34
of the full KV cache). The latter is denoted with the suffix “-t” (e.g.,
KVSwapr-t). Specifically, we reconfigure the baselines as follows:
InfiniGen by adjusting the partial weight ratio, Loki by tuning key
dimensionality, and ShadowKV by adjusting chunk size, outliers,
and K-cache rank. For KVSwaPr, we set Spax = 32K, bpax = 16,
MG = 400, and maximum K-cache compression ratio omax = 32.
Setting B. In setting B, we apply the same configuration for KVSwar
as in setting A. And for all offloading baselines, we apply their
optimal configurations. Specifically, for ShadowKV and LoKi, we
directly adopt the configurations reported in their source publica-
tions. For InfiniGen, since no reference configurations are readily
available, we experimentally set the partial weight ratio to 0.5, re-
sulting in a conservative 4x KV cache memory reduction. Here,
their per-batch memory consumption varies and is generally higher
than that of KVSwar. To ensure a fair comparison, we instead fix
the total memory budget and evaluate each method at the max-
imum 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.

4.4 Performance Metrics

We report generation accuracy and throughput (tokens per second)
during decoding. Accuracy is reported under varying KV cache
budgets and context lengths. Throughput is measured as the average
decoding rate over 1000 continuously generated tokens. Each result
is the average of five runs with different randomly selected test
inputs.
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5 Experimental Results
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 acceptable ac-
curacy loss. InfiniGen has the largest degradation, as it fails to
capture critical KV entries under tight budgets. Although Infini-
Gen” reduces accuracy loss by incorporating our head aggregation
to reduce prediction noise, it still falls far behind KVSwapr, with
average accuracy losses of 78.7% on RULER and 14.2% on Long-
Bench. InfiniGen*+gp, which further applies our grouped selection
strategy, still suffers from similarly substantial accuracy degrada-
tion. 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 constrained budget, only KVSwap-t maintains usable accu-
racy: <5.6% and 2.4% loss for NVMe. Note that KVSwap NVMe and
KVSwapr *MMC differ because the best group size is G=4 for NVMe
and G=38 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 bud-
get (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 ar-
eas 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 genera-
tion quality on CoT reasoning and video understanding LMs. For
reasoning, we evaluate on three multi-document QA tasks from
LongBench (HotpotQA, 2WikiMultihopQA, MuSiQue) [15], report-
ing averaged accuracy across tasks. For video understanding, we
evaluate Qwen2.5-VL-3B (QVL3B), 7B (QVL7B), and InternVL3-14B
(IVL14B), reporting averaged scores on MLVU-SSC and MLVU-VS
(range: 2-10). Recalling evaluation setting A (Sec. 4.3), we configure
all offloading 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 Shad-
owKV on NVMe and eMMC disks, with minor accuracy losses
<4.6%, and score losses <0.4. KVSwaPp-t also strikes a good bal-
ance between KV cache memory footprint and generation quality,
while all other methods incur severe degradation in output qual-
ity (>45.0% accuracy loss on reasoning models and >2.1 points, or
46.7%, on video models). 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 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.

Summary. KVSwap maintains accuracy within an acceptable range
across tasks, model sizes, modalities, context lengths, and disk types,
consistently outperforming KV cache offloading baselines under
the same low-level memory budget. Moreover, KVSwap-t remains
robust under a very tight memory budget, while most baselines fail
and become impractical for use. These results highlight an impor-
tant insight: designs like KVSwap that aggressively reduce memory
while preserving prediction accuracy are crucial for accurate long-
context inference under limited memory budgets.

5.2 LM Generation Throughput

5.2.1 Throughput on Orin AGX. Tab. 4 presents generation through-
put of Llama3-8B on Orin AGX with batch sizes ranging 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. KVSwarp
outperforms all other offloading methods across storage devices
while maintaining the best generation quality (Sec. 5.1). Through-
put 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 give only up to 1.9 and 0.1 tokens/s
on NVMe and eMMGC, respectively, due to heavy disk traffic (Flex-
Gen) or poor bandwidth utilization (Loki and InfiniGen). KVSwar
sustains 6.9 tokens/s (NVMe) and 5.9 tokens/s (eMMC) with a batch
size of 1 at 16K context, rising to 35.1 and 15.8 tokens/s at a batch size
of 8. On NVMe, throughput continues to scale, reaching 46.1 token-
s/s at a batch size of 16, whereas eMMC saturates due to its limited
bandwidth. Even under saturation, KVSwAP maintains significant
speedups over competing baselines. InfiniGen* and InfiniGen*+ru
provide moderate improvements but remain significantly behind
KVSwar. Although InfiniGen*+ru+gp achieves notable speedups
on eMMC and approaches KVSwap, it still lags significantly on
NVMe. At batch sizes of 16 and a 32K context, it is 2.5X slower than
KVSwap, with substantially lower accuracy (Tab. 2).

Finally, at 32K context with batch size 1, KVSwaP uses 13X less
memory while achieving 75% and 65% of vLLM’s throughput on
NVMe and eMMC, respectively. At larger batch sizes, KVSwaP can
even outperform vLLM on NVMe by carefully trading generation
accuracy for throughput. For example, at 16K context and batch
size 16, it is 1.2 faster while using 11.0x less KV memory. Whereas
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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  98.8 995 820 560 966  91.6 | 39.3 414 280 680 995 491  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 | —144 —148 -10.7 —14.6 —53 —254 —14.2
InfiniGen*+gp | —53.0 —98.0 —97.0 -97.6 —99.3 —34.0 -10.0 -76.4 —70.1 | —13.5 -11.2 -142 -159 -7.5 -224 —14.1
Loki -3.0 -14.0 -18.0 —67.5 —61.5 —28.0 —150 —654 —340 | -74 —-49 -108 -8.0 -03 —21.6 —8.8
ShadowKV 0.0 -86.0 -840 -93.0 -945 -13.0 -7.0 -41.0 -523 | -97 -28 -41 -51 -15 —6.8 =50
KVSwap NVMe 0.0 -1.0 00 -33 =70 -10 +20 -10.4 —2.6 | +0.9 -03 -21 =07 0.0 -18 —0.6
KVSwap eMMC 0.0 0.0 0.0 -9.0 -—12.0 00 -30 -11.8 —-44| -05 —-01 -23 -14 -05 -18 —1.1
Loki-t —99.0 —100.0 —100.0 —98.8 —99.5 —57.0 —32.0 -96.6 —854 | —24.5 —25.7 —205 —43.2 —-7.6 -38.2 —26.6
ShadowKV-t —21.0 -89.0 -93.0 -958 —950 -160 —6.0 -79.2 —619 | -155 -7.0 -7.1 -10.2 —45 —8.0 —8.7
KVSwap-tNVMe 0.0 -10 -30 -10.8 -13.3 —4.0 0.0 —-13.0 —-56| —-25 —0.4 =30 -27 0.0 -58 —2.4
KVSwap-tMMC| 90 -13.0 -16.0 -543 -558 —13.0 —-7.0 -246 -229 | -42 -11 -39 —-15 —05 =52 -27
Table 3: Relative accuracy (%) and score loss over Full-KV on 7 1eMMC E_<INVMe EEEIShadKV KVSwap VLLM
reasoning (left) and video understanding (right). 212 T (a) Batch=1
%) 1 .
Methods Q4B Q8B Q4B |QVL3B QVL7B IVL14B S .
~ 14 N
Full-KV (raw %)  60.5 62.5 66.0 | 45 4.9 4.8 £ 4 4 s || \ N
: £ O_J mZ 0 |
Loki -10.0 -41 -96 | -14 -1.0 -2.0 [
ShadowKV -6.6 -54 =73 | -07 -0.6 -0.5 2,04 (b) Batch=8
KVSwap NVMe -1.8 -24 =26 -0.4 -03 —03 230_ \ L
KVSwapMMC  —40 30 -46 | -04 -03 -03 250 N\ .
: 210 1 N = . 2\
Loki-t -57.2 —47.2 -58.6 | -25 -29 -27 = ol N N
ShadowKV-t —-50.1 —47.5 —45.0 | -2.1 -24 -24 [ 3B ) 14B
NVMe . o .
e s MM =6 =48 67| =l =06 0L Figure 10: Throughput (TP) comparison across model sizes
KVSwap-t® -72  -69 -10.0 | -1.8 —0.7 =05

Table 4: Throughput (tokens/s) comparison of Llama3-8B on
Orin AGX across batch sizes and context lengths (CLs).

IMethods | CL=16K CL=32K
[b=1 b=2 b=4 b=8 b=16/b=1 b=2 b=4 b=8 b=16
FlexGen 0.1 0.1 01 01 0.1]01 01 01 0.1 0.1
o [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 15 14 1.4 |16 15 14 1.4 14
2 [InfiGen™+ru 4.0 47 52 42 3.7 [42 44 49 45 35
InfiGen*+ru+gp(5.3 7.9 12.9 12.6 10.5 |5.0 7.7 13.0 12.1 10.1
ShadowKV 30 38 41 44 34 (3.0 3.7 42 38 3.4
KVSwap 5.910.5 16.2 15.8 11.2 [6.010.3 15.2 15.7 10.9
FlexGen 0.8 0.8 0.8 08 0.8]04 04 04 04 0.4
o |Loki/InfiGen |19 1.9 1.9 19 19|19 1.9 19 18 18
§InﬁGen* 50 8.4 10.8 11.3 13.1 |51 7.5 8.9 10.7 12.0
Z [InfiGen*+ru 5.2 9.2 14.9 22.5 26.6 4.9 8.5 11.9 14.3 17.2
InfiGen*+ru+gp|5.8 10.2 16.2 25.3 27.4 |51 8.5 12.6 15.4 19.1
ShadowKV 6.4 10.4 16.3 21.9 26.7 6.4 10.0 16.3 21.5 26.2
KVSwap 6.911.9 20.8 35.1 46.1 |6.911.9 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

Table 5: Throughput (tokens/s) comparison of Qwen3-0.6B
and Qwen3-1.7B on Orin Nano across batch sizes at 16K con-
text length.

‘ Methods ‘ Qwen3-0.6B Qwen3-1.7B

| | b=1 b=2 b=4 b=8 | b=1 b=2 b=4 b-8
& |InfiGen"+ru+gp| 7.6 142 188 228 | 7.3 128 189 229
S | ShadowKV 81 121 16.0 185 | 6.6 11.9 159 177
Z | KVSwar 7.6 14.8 24.6 36.7 | 7.3 14.6 23.0 335
- |vLLM [37.4 289 303 31.7 [20.0 17.0 17.2 17.6

vLLM saturates once its 31 GiB cache limit is exceeded, KVSwap
delivers up to 2.0X higher throughput with substantially less KV
cache memory at an increased 32K context length, a benefit that
grows with workload scale. Additional comparisons for 8K and 24K
context lengths are provided in Tab. 2 of Appendix B.
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at a 32K context with batch sizes of (a) 1 and (b) 8.

5.2.2  Throughput on Orin Nano. Tab. 5 reports generation through-
put on Orin Nano with NVMe for Qwen3-0.6B and Qwen3-1.7B,
with batch sizes from 1 to 8 and a 16K context length. Consistent
with Orin AGX, KVSwar generalizes well across platforms and
outperforms offloading baselines in most cases.

For Qwen3-0.6B at batch size 8, KVSwaP achieves 36.7 tokens/s,
outperforming InfiniGen*+ru+gp, ShadowKV, and vLLM by 1.6X,
2.0%, and 1.2, respectively. For Qwen3-1.7B, KVSwap further de-
livers a 1.9x speedup over vLLM. Notably, KVSwaP achieves similar
throughput on both models because their KV cache offloading sizes
are identical, and I/O dominates the execution time.

5.2.3  Summary. KVSwarP significantly improves throughput over
existing KV cache offloading methods across context lengths, plat-
forms, and storage types. These results demonstrate the effective-
ness of leveraging grouped I/O access and KV reuse to enable high-
throughput KV cache disk offloading. Furthermore, KVSwap out-
performs vLLM under heavy workloads while using substantially
less KV memory, highlighting the benefits of our aggressive KV
memory compression for memory-efficient execution.

5.3 Impact of LM Model Sizes

Fig. 10 compares throughput on Orin AGX 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 1.8X (up to 2.1x) at batch size
1, and over 2.9x (up to 4.1X) at batch size 8. On NVMe, KVSwap
achieves speedups of at least 1.3X (up to 1.8%) at batch size 8. Al-
though throughput is comparable to ShadowKV on NVMe with
batch size 1, KVSwaP delivers much better generation quality, as
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Figure 11: Best-case throughput (TP) and relative accuracy
loss for Llama3-8B using (a) NVMe and (b) eMMC. b = largest
possible batch size.
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discussed in Sec. 5.1. When compared with vLLM at batch size 8,
KVSwapr (NVMe) achieves throughput improvements of 1.1x, 1.7x,
and 1.9% on the 3B, 8B, and 14B models, respectively. Notably, on
the 14B model, KVSwap with the low-end eMMC disk even sur-
passes VLLM by 1.2 at batch size 8. These results demonstrate that
KVSwar 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 configura-
tions. Given total memory budgets of 2000 MiB and 800 MiB, we
compare throughput using the largest possible batch size supported
by each method, as described in Sec. 4.3-setting B. We also report
the average accuracy loss relative to Full-KV on two LongBench
task types, multi-document QA (MQA) and summarization (SUM),
covering six tasks in total. For reference, Full-KV achieves an aver-
age accuracy of 34.7% on these challenging tasks for Llama3-8B.

Fig. 11 presents the results on Orin AGX, with vLLM numbers
taken from Sec. 5.2 for direct comparison. KVSwar proves highly
effective at trading a small loss in accuracy for substantially higher
throughput and much lower memory usage. While vLLM follows
the Full-KV design without accuracy loss, ShadowKV and Loki
achieve the next two lowest accuracy losses, they do so at the
cost of either high memory demand or low throughput. In con-
trast, KVSwap delivers clear advantages in both throughput and
memory efficiency, with only marginal accuracy degradation. Com-
pared with vLLM, KVSwaP on NVMe reduces KV cache memory by
12.3%-30.7x while still providing 1.1x higher throughput, at a max-
imum accuracy drop of just 2.4%. Relative to ShadowKV, KVSwar
achieves large throughput gains - 7.1x and 8.6xX on eMMC, and
3.3%X and 4.5X on NVMe - with accuracy drops <1.5%.

5.5 Larger Memory Budget

In this experiment, we allocate a 1 GiB per-batch KV memory budget
to evaluate if KVSwAP can support long context with GiB-level
memory budgets. Tab. 6 shows the accuracy of several tasks on
RULER with a 128K context using Llama3-8B.

For InfiniGen* and ShadowKYV, we follow the best-case config-
urations described in Sec. 5.4. As shown in Tab. 6, only KVSwap
supports the full 128K context under this memory budget, while
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Table 6: Accuracy (%) and supported context length (CL) on
RULER (128K) for Llama3-8B under a 1 GiB per-batch KV

budget.
Subtask ‘ InfiniGen*  ShadowKV ~ KVSwap ‘ Full-KV
S1 9.0 44.0 87.0 100.0
S2 0.0 46.0 87.0 100.0
MK1 1.0 42.0 85.0 97.0
Supported CL | 32K 55K 128K | -

Table 7: Accuracy (%) comparison for cross-domain robust-
ness of KVSwar on Qwen3-8B.

Task ‘ C4-profiled  In-domain-profiled ‘ Full-KV
MATH-500 92.0 92.2 92.4
LiveCodeBench-v5 55.7 54.9 56.9

other methods are limited to much shorter contexts. For example,
ShadowKYV supports only 55K. This translates to substantial accu-
racy differences. KVSwap remains closest to Full-KV, maintaining
over 85% accuracy, whereas InfiniGen* nearly collapses (~0) and
ShadowKYV achieves less than 50%.

5.6 Domain Robustness

We build our low-rank adapter (Sec. 3.2) using samples from a
general-domain dataset (e.g., C4 [57]). To evaluate its cross-domain
robustness, we apply the C4-profiled adapter to MATH-500 [43] and
LiveCodeBench-v5 [33], and compare it with Full-KV and adapters
profiled on the corresponding domains. Tab. 7 reports the accuracy
on Qwen3-8B (thinking). As shown, C4-profiled KVSwaAP matches
in-domain profiling within 0.8% and incurs <1.2% accuracy loss
compared to Full-KV across both tasks, demonstrating strong cross-
domain robustness.

5.7 Multi-programmed Workloads

We now evaluate KVSwaP in a multi-programmed setting alongside
two common mobile workloads: video playback and object detec-
tion. For video playback, we use CPU-based software (i.e., ffmpeg)
decoding of 1080p streams. For object detection, we run YOLO11x,
the largest Ultralytics YOLO11 model [8], processing 640x640 in-
puts from a 30 FPS USB camera. To stress resource contention,
we avoid using the on-chip NVDEC/VIC units for video decoding
and the DLA for YOLO execution. Throughput is measured with
Llama3-8B at batch size 8 and 16K context length on Orin AGX.

Video playback reduces KVSwar’s throughput by only 17.2%
and 15.0% on NVMe and eMMC, respectively, suggesting that it
can efficiently co-run with UI workloads. For object detection, the
throughput drops by 48.1% on NVMe and 28.2% on eMMC. This is
expected as the competing workload increases. Nevertheless, on
eMMC, KVSwar still maintains a relatively stable performance. On
NVMe, we attribute the larger drop to more severe GPU compute
contention, which also causes a 47.2% drop for vLLM.

6 System Analysis
6.1 Design Choices

To evaluate how our key design choices, including group size, KV
reuse buffer, number of selected KV entries, rolling buffer size and
layer-to-layer approximation, affect the overall throughput and
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Figure 12: Trade-off between accuracy, I/O efficiency, and
throughput (TP) under varying group sizes (x-axis).

Table 8: Reuse ratio and throughput (TP) statistics. "No Reu."
=TP wo/ reuse. "T" = TP improvement of w/ over wo/ reuse.
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Figure 13: (a) Decoding latency breakdown on NVMe. (b)
Trade-off between accuracy and throughput across KV selec-
tion sizes and disk types.

accuracy, we apply KVSwap to Llama3-8B under a 310 MiB per-
batch KV memory budget. Accuracy is reported as the average over
MYV, 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. Fig. 12 shows how throughput
and accuracy vary with KV prediction group sizes (G). The number
beside each point indicates I/O utilization. A group size of 0 disables
our head aggregation strategy. This ablation study reports through-
put without KV reuse to isolate our optimizations. As G increases,
accuracy 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 improving the throughput while
maintaining generation accuracy. KVSwap provides an API to au-
tomatically obtain the best group size, but users can configure it 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, covering different use
scenarios. Tab. 8 reports reuse rates and throughput across disk
types and datasets. Reuse rates remain high across all cases, rang-
ing from 75.3% to 81.2%. The throughput (in tokens/s) achieves
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2.0x-2.1x speedups on NVMe and 3.8x-4.0x on eMMC compared
to the no-reuse baseline. This indicates that our reuse buffer can
effectively improve the throughput, especially for slower disk. Sim-
ilar trends hold across the evaluated workloads: 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, contributing to no more than 5.6% of the average
throughput. These results also justify using the average reuse rate
during offline tuning (Appendix A.1).

Number of selected entries. Fig. 13b shows normalized through-
put versus the number of selected KV entries MG (omitting the
number of KV heads Hy,). Increasing MG improves accuracy on
NVMe and eMMC but reduces throughput. Beyond MG = 400, ac-
curacy gains become marginal while throughput continues to drop,
making MG = 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.
Layer-to-Layer approximation. Since the predictor approximates
the current-layer input using the previous layer’s input, its accuracy
depends on adjacent-layer similarity. Measuring cosine similarity
of hidden states on LongBench with Llama3-8B shows it increases
with depth: from 25% (Layer 0-1) to 67% (Layer 1-2), then from
75% to 83%, and exceeding 90% in deeper layers. Thus, we keep
exact inputs only for the first two layers, preserving accuracy while
enabling computation-1/O overlap.

6.2 Overhead Analysis

Latency breakdown. Fig. 13a reports the decoding latency of a
single Transformer block in Llama3-8B (batch=8, CL=32K). In Flex-
Gen (FG), loading all KV entries from disk makes I/O the bottleneck.
InfiniGen* (IG*) alleviates this with selective loading and our head
aggregation scheme, but I/O latency still dominates. KVSwap with-
out reuse (Ours wo/ reu) better utilizes disk bandwidth, reducing
latency by 1.5X%, already comparable to InfiniGen*+reuse (IG*+reu).
With reuse enabled, I/O latency of KVSwarp further drops by 4.3X,
incurring only 1.0 ms reuse overhead, and achieves the lowest to-
tal latency of 6.9 ms. Apart from the 1.0 ms reuse operation, the
main computation (Att+FFN) in KVSwaP takes 2.2 ms, the predictor
1.1 ms, and disk I/O 2.6 ms. Since the predictor and main compu-
tation run asynchronously, the reported predictor latency reflects
the portion not overlapped with the main computation, likely due
to compute resource contention under batched workloads.
Breakdown of memory usage. When applying KVSwap to Llama3-
8B, under a total KV budget of 310 MiB (Tab. 1), the low-rank K
cache occupies 256 MiB, corresponding to a compression ratio of
o = 8. The reuse buffer uses 50 MiB, corresponding to MG = 400
selected entries, while the remaining 4 MiB is allocated to the
rolling buffer and the CPU staging buffer. Under a tighter budget of
120 MiB, the K cache is further compressed to 64 MiB with o = 32,
while the other components remain largely unchanged.
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6.3 Compare with In-memory Compression

In-memory compression methods [42, 84] compress only the prompt
KVs while keeping decoding KVs fully in memory, making them
inefficient for long-context generation, whereas KVSwaP remains
memory-efficient. In this scenario, the uncompressed decoding KV
memory can easily exceed the compressed prompt KVs, largely
offsetting the benefits of prompt compression.

To further illustrate this limitation, we compare KVSwap with
the representative in-memory compression method SnapKV [42]
using Qwen3-8B on LongBench-Write [16]. We filter out samples
with context shorter than 4K, resulting in 59 evaluation samples.
This task can produce up to ~30K decoding tokens, creating sub-
stantial decoding KV memory. We set the KV memory budget to
350 MiB per batch for KVSwar, whereas SnapKV requires ~4.2 GiB
KV memory per batch due to uncompressed decoding KVs.

Under this setting, KVSwaP achieves an average score of 4.28/5,
compared to 4.14 for SnapKV, despite using significantly less KV
memory. This result highlights the advantage of KVSwap over
in-memory compression methods for long-context generation.

7 Discussion

Naturally, there is room for improvement and further work. We
discuss a few points here.

LM weight optimization. KVSwaP optimizes KV cache memory
footprint. Weight-centric methods such as quantization [26, 44] and
parameter offloading [11, 73] are orthogonal and complementary.
Low-bit KV. KVSwar is designed to preserve generation qual-
ity, and can be combined with low-bit KV compression [45, 48].
For comparison, 2-bit quantization yields an 8X reduction, while
KVSwap achieves more than 30x.

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 [34].

OS paging. Using OS-level paging is inefficient, as it is workload-
agnostic and misses optimizations like selective KV loading, re-
duced transfer, and overlapped prefetching.

ShadowKV+reuse. While employing reuse to ShadowKV [60] 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 several prior foundations, but differs qualita-
tively from each.

Sparse attention. Sparse attention [20] reduces the memory and
compute overhead of attention and KV cache. Static methods apply
fixed patterns to select KV entries [17, 21, 36, 80], reducing com-
putation but risking loss of long-range dependencies and accuracy.
Dynamic methods adapt token selection to the input, focusing on
tokens that dominate attention scores [12, 38, 59, 62, 66, 70, 75, 79,
81, 82, 84]. KVSwaP builds on this insight by identifying important
KV entries at each step, but adapts it for on-device disk offload-
ing. Unlike sparse attention, which assumes the KV cache is fully
in memory, KVSwar selectively preloads critical KV groups from
disk into memory using two techniques: a compressed K cache
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(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 [41] and Shad-
owKV [60] move KV entries between the GPU and CPU, while
SpeCache applies low-bit compression and speculative prefetch-
ing [35]. llm-offload [69] and ArkVale [18] adopt page-based KV
managers to recall evicted tokens. These GPU-CPU offloading meth-
ods assume high-bandwidth, low-latency PCle connections, whereas
mobile and embedded devices rely on NVMe, UFS, eMMC, or SD
storage with orders of magnitude lower bandwidth and higher la-
tency. This makes disk-based offloading a fundamentally harder
problem. KVSwarp is the first framework designed to tackle this chal-
lenge. Optimizations are also proposed for time-to-first-token (TTFT)
to reduce the startup delay. CacheBlend fuses cached knowledge
for faster retrieval-augmented generation [76], IMPRESS [19] accel-
erates prefix KV loading on server-class SSDs, and CacheGen [46]
compresses KV for faster transmission. In contrast, KVSwAaP targets
iterative decoding on resource-constrained devices, where decoding
throughput - not TTFT - is the primary bottleneck.

On-device inference. General-purpose LM serving frameworks
such as llama.cpp [2] and MLC-LLM [4] enable inference on con-
sumer hardware. Recent work further improves efficiency through
quantization [26, 44, 71], weight optimization [25, 32, 67], con-
textual sparsity [47], weight offloading [11, 73], model specializa-
tion [77], speculative decoding [72], and mobile-oriented model
redesigns [49, 50, 63, 64]. Most of these approaches optimize model
weights. In contrast, KVSwaP targets the growing KV-cache over-
head by enabling sparse-attention-based KV-cache offloading on
mobile devices, addressing a key bottleneck in long-context in-
ference. It complements weight-centric methods to support long-
context LM inference on memory-limited devices.

9 Conclusion

We have presented KVSwap, a new KV-cache offloading scheme for
long-context on-device language model inference on mobile and
embedded devices. In contrast to prior KV-cache offloading methods
designed for server-grade hardware with high memory bandwidth,
KVSwap specifically targets resource-constrained devices and uses
non-volatile secondary storage as the swapping medium for KV-
cache data. A key contribution of KVSwar is the co-design of new
KV cache management algorithms with a hardware-aware runtime
system. This enables substantial efficiency gains over existing KV-
cache offloading approaches while preserving generation quality.
The framework also demonstrates strong scalability across varying
context lengths, batch sizes, model sizes, and tight memory budgets.
Through the open-source release of the code and experimental
artefact, we hope KVSwar will provide a foundation for future
research and a practical route to deploying powerful long-context
language models on everyday devices.
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