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Abstract

Large language models (LLMs) have traditionally relegated inference to remote servers,
leaving mobile devices as thin clients. Recently, advances in mobile GPUs and NPUs
have made on-device inference increasingly feasible, particularly for privacy-sensitive and
personalized applications. However, executing LLMs directly on resource-constrained
devices exposes severe I/O bottlenecks, as repeated accesses to large weight files can
overwhelm limited memory and storage bandwidth. Prior studies have focused on internal
mechanisms such as KV caching, while the role of the host OS buffer cache remains under-
explored. This paper closes that gap with file-level trace analysis of real-world mobile LLM
applications, and identifies three characteristic access patterns: (1) one-time sequential
scans during initialization, (2) persistent hot sets (e.g., tokenizers, metadata, indices), and
(3) recurring loop accesses to model weight files. Guided by these observations, we propose
LLM-aware buffer cache strategies and derive cache-sizing guidelines that relate loop size,
host-set coverage, and storage bandwidth. We further compare smartwatch-class and
smartphone-class platforms to clarify feasible model sizes and practical hardware prereq-
uisites for local inference. Our results provide system-level guidance for I/O subsystem
design that enables practical on-device LLM inference in future mobile and IoT devices.

Keywords: large language model; I/O caching; mobile platform; buffer cache; inference

MSC: 68M20

1. Introduction
Large language model (LLM) applications such as ChatGPT have traditionally treated

mobile devices as dummy terminals, where actual inference is performed in the cloud
and devices only display results [1,2]. With recent advances in mobile GPU and NPU
technologies, however, partial or even full on-device inference is becoming increasingly
feasible [3,4]. Modern chipsets (e.g., Apple A17 Pro [5], Snapdragon 8 Gen 3 [6], and
Samsung Exynos [7]) integrate high-performance neural accelerators, and commercial
platforms now demonstrate practical on-device inference deployments (e.g., CoreML-based
Llama 3/3.1 on iOS [8] and Qualcomm-based demos on Android [9]). As LLMs become
more personalized, privacy concerns further increase the appeal of on-device execution [10].

Unlike server-class environments, mobile and wearable devices are constrained by
limited memory, storage bandwidth, and energy budgets [11,12]. In particular, repeated
accesses to massive weight files create I/O bottlenecks that cannot be masked by compute
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throughput alone. Such overheads can be alleviated by systematically analyzing data access
and resource utilization patterns and mitigating bottlenecks accordingly [13,14]. While
prior research has extensively examined model-internal mechanisms such as key-value (KV)
caching [15,16], relatively little attention has been paid to the host operating system’s buffer
cache and its role in sustaining efficient I/O for LLM workloads. KV caching is sensitive to
token order and cannot reduce accesses to large weight files in storage, limiting its overall
effectiveness. Another line of research, semantic caching, has also been explored for LLM
workloads but is limited by the computational cost of embedding-similarity matching.
In contrast, we argue that system-level buffer caching on mobile platforms can alleviate
the heavy I/O traffic to flash storage caused by repeated weight-file accesses, without
semantic comparison or token-level dependency considerations. Although buffer caching
has been studied extensively, LLM inference exhibits unique file-access patterns during
model execution, which often lead to frequent cache thrashing and underutilized memory
when generic LRU or traditional caching strategies are applied.

In this paper, we address this gap through fine-grained analysis of file-access traces
collected from mobile LLM applications and discuss how the findings can be reflected in
buffer cache design specialized for on-device LLMs. Using a Samsung Galaxy S22 testbed,
we compare on-device inference apps with remote-inference apps (Copilot, Perplexity,
Claude, and Gemini). We observe three distinctive access characteristics in on-device
LLM workloads: (1) long, recurring loop references to model weight files, (2) persistent
accesses to small hot sets such as tokenizers, metadata, and index files, and (3) one-time
sequential scans for initial setup. These patterns are fundamentally different from the
sequential, largely one-off access behaviors of remote-inference apps, underscoring the
need for LLM-aware caching at the OS level.

Building on these observations, we present a buffer cache model tailored to LLM
workloads. Rather than focusing solely on replacement policies, our model explicitly relates
cache capacity, loop size, and storage bandwidth to determine when inference can proceed
without I/O stalls. We also analyze how device class—smartwatches with eMMC storage
versus smartphones with UFS storage—constrains viable model sizes and cache allocation.
Our findings indicate that smartwatch-class devices realistically accommodate only heavily
quantized micro-models, whereas smartphones can sustain on-device inference for small-
to-medium models (e.g., 1 to 3 billion parameters). Larger models, however, still require
hierarchical offloading to paired devices or edge/cloud resources. Just as the web browser
became the dominant interface for smart devices in the past, we argue that LLM-driven
interaction is poised to become the primary interface for future personalized IoT devices,
making this study timely and of broad significance.

The main contributions of this work are summarized as follows:

• Characterization of on-device LLM I/O behavior. We analyze file-access traces
of mobile on-device LLM workloads, identifying distinctive I/O patterns such as
recurring loop and hot-block accesses, in contrast to remote inference LLMs.

• Design of an LLM-aware buffer caching strategy. We propose a lightweight caching
mechanism that accounts for loop and hot-set accesses in LLM workloads, sustaining
stable inference performance under limited memory and bandwidth conditions.

• Cache-size modeling and hardware-specific validation. We formulate a cache-sizing
model that quantifies feasible cache capacities and validate the proposed strategy
through empirical evaluation on smartphone and smartwatch platforms, providing
design guidelines for LLM-aware buffer caching in practical device classes.

The remainder of this paper is organized as follows. Section 2 summarizes studies
related to this paper. Section 3 analyzes the file-access characteristics of LLM workloads
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precisely. Section 4 presents the buffer cache model for LLM workloads and its implications.
Finally, Section 5 concludes the paper.

2. Related Work
Caching is a key technique for reducing user-perceived latency and improving through-

put in LLM inference. Prior studies can be grouped into three technical directions:
(1) inference-internal KV caching, which reuses intermediate key–value (KV) states in-
side the Transformer; (2) external or semantic caching, which reuses model inputs and
outputs based on query similarity; and (3) system-level file-block caching, which underlies
our work and operates at the operating-system buffer-cache layer.

2.1. Internal KV Caching

Research within the inference path focuses on managing KV states to eliminate redun-
dant attention computation during decoding, primarily in large-scale server-side deploy-
ments. This line of work has established KV caching as the fundamental mechanism for
improving inference efficiency, with many follow-up studies refining its reuse granularity
and scalability.

2.1.1. Prefix-Aware KV Caching

In Transformer self-attention, computations with all prior tokens are repeated each
time a new token is generated. KV caching stores previously computed keys and values,
thereby avoiding redundant operations over all previous tokens during decoding and
significantly reducing latency.

vLLM introduced PagedAttention to minimize GPU-memory fragmentation and
enable efficient sharing of KV blocks across concurrent requests [17]. However, such reuse
is highly sensitive to token order, so even small input variations may prevent cache hits.
To remove prefix dependence, EPIC allows context blocks to be reused regardless of input
position, greatly improving time-to-first-token (TTFT) [18].

2.1.2. Prompt- and RAG-Level Caching

Several extensions divide or merge prompts to enable reuse across similar contexts.
Prompt Cache divides prompts into reusable modules and precomputes their attention
states [19]. CacheBlend partitions prompts into chunks and fuses cached states to accelerate
retrieval-augmented generation (RAG) workloads [20]. RAGCache introduces a hierarchical
cache tailored for RAG scenarios to reduce the computational cost of incorporating external
knowledge [21].

2.1.3. Workload-Aware Cache Eviction

Subsequent work analyzed cache-reuse distributions and optimized eviction policies
for large-scale serving based on real-world usage data. A provider trace study quanti-
fied reuse behavior in KV cache and proposed workload-aware eviction strategies [16].
Attention-Gate evicts entries dynamically based on attention importance [22], while KeyD-
iff relies on key similarity for eviction under long-context settings [23]. MemServe manages
a disaggregated memory pool to coordinate KV caches across distributed servers [24].

2.1.4. Memory Reduction and Compression

A complementary research line reduces the memory footprint of KV caches. Sen-
tenceKV groups KV states at the sentence level and loads only the relevant groups into
GPU memory during decoding [25].

Research on compression has also been active. KIVI applies 2-bit quantization to
KV caches, saving substantial memory usage without accuracy loss [15]. ShadowKV
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combines low-rank key compression with CPU offloading of values [26]. KVzip identifies
and discards less important entries by reconstructing context from cached states, reducing
memory usage without degrading model performance [27]. KeepKV proposes a merging-
based compression method that eliminates the attention distribution distortion typically
introduced when redundant cache entries are merged [28].

2.1.5. Joint Optimization of Caching and Scheduling

Other studies jointly consider caching with scheduling or sensitivity analysis.
Feng et al. identify critical cache entries via output-sensitivity analysis, retaining only
those that materially affect model predictions [29]. Jaillet et al. integrate cache management
with request scheduling as an online optimization problem under memory constraints [30].

2.2. External Semantic Caching

While the aforementioned techniques operate inside the inference pipeline and per-
form internal caching to reduce model computations, another major direction explores
external or semantic caching around model invocation. Such techniques focus on reusing
inputs and outputs around LLM calls. In particular, semantic caching interprets the mean-
ing of a user’s prompt and reuses cached results when new queries convey the same intent,
even if phrased differently. Unlike KV caching, this approach is not sensitive to token order
and is especially beneficial when handling many similar queries.

GPTCache stores query–response pairs in an embedding index and returns cached
responses for semantically similar inputs [31]. MeanCache deploys personalized semantic
caching at the client side to reduce network and server overhead [32]. SCALM analyzes
large-scale chat logs, identifying limitations of existing caching and proposing clustering-
based solutions for LLM chat services [33].

For multi-turn dialog, ContextCache employs two-stage retrieval pipelines: vector-
based matching for candidate responses, followed by self-attention integration of dialog
history to improve contextual matching [34]. Domain-specific studies fine-tune lightweight
embeddings using synthetic data to better capture in-domain similarity [35]. Liu et al. pro-
pose a learning-based eviction framework that formulates semantic cache eviction as both
offline optimization and online adaptation for LLM serving [36]. MinCache combines string-
based and semantic caching hierarchically to balance coverage and efficiency [37], while
Generative Caching synthesizes cached responses to serve new but related queries [38].

These approaches depend on embedding-similarity computation and are mainly suited
to cloud or service-side environments. They tolerate paraphrasing and evolving context,
but cannot ensure exact I/O-level reuse.

2.3. System-Level File-Block Caching

Now, let us discuss the limitations of prior work and the positioning of our approach.
Both inference-internal KV caching and external semantic caching have clear merits but also
inherent limitations. Inference-internal KV caching substantially reduces computation, but
its effectiveness is constrained by token-order sensitivity and limited cache capacity, often
requiring specialized eviction or compression mechanisms. Semantic caching improves
reuse under paraphrase but incurs embedding-similarity computation and cannot guaran-
tee exact I/O-level reuse as knowledge and context evolve. In addition, these two directions
have been extensively explored in server environments, whereas the interaction between
LLM workloads and the operating-system buffer cache has received little attention.

Distinct from prior approaches, our study focuses on system-level file-block caching,
which targets I/O-level reuse outside the model runtime. At this layer, the operating-system
buffer cache manages model weight files as regular I/O blocks, allowing exact-match reuse
without semantic comparison or token-level dependency. Such a mechanism is crucial for
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mobile and on-device LLM inference, where storage bandwidth and memory capacity are
limited. To the best of our knowledge, little prior work has examined file-access behavior
in mobile on-device LLM inference or analyzed how OS-level caching affects such behavior,
leaving this layer largely unexplored until our study.

3. File-Access Characteristics of LLM Workloads
In this section, we analyze the file-block access characteristics of mobile LLM work-

loads. Specifically, we contrast remote inference, where the device acts as a thin client,
with on-device inference, which reflects recent trends in mobile AI. Experiments were
conducted on a Samsung Galaxy S22 (Samsung, Suwon, Republic of Korea) (octa-core
1.8–3 GHz CPU, Adreno 730 GPU (Qualcommm, San Diego, CA, USA), 8 GB RAM, and
256 GB UFS storage) [39]. Note that we also collected traces from other devices with differ-
ent CPU/GPU architectures, memory capacities, and storage configurations, and observed
similar results, indicating that our workload analysis reflects the intrinsic characteristics of
the workloads rather than hardware-specific effects. For remote inference, we analyzed
Copilot, Perplexity, Claude, and Gemini. For on-device inference, we used two Samsung
LLM apps, AI Notes and AI Translate [40], and two Google Mediapipe apps, Text Embedder
and Text Classification [41].

The experiments were conducted on Android 14 (One UI 6.1), and trace capturing was
performed using the Linux strace utility together with a custom parser that recorded all file
read and write system calls invoked by the target applications at 4 KB block granularity.
In this setting, interactions issued from user space to kernel space were exhaustively
traced to capture how each LLM application accessed its weight and configuration files
through the operating system. For each workload, traces were collected while executing
the application’s typical usage scenarios, in which text, image, and voice inputs were
provided and corresponding outputs (text, voice, or files) were obtained depending on each
app’s capability.

3.1. On-Device Inference

Figure 1 shows file-block references while executing LLM workloads that perform
on-device inference. Figure 1a shows the results for AI Notes as time progresses. As shown
in the figure, the workload reveals a consistent pattern: first, an initial one-time sequential
read occurs, and then a small set of hot blocks are persistently referenced; additionally, long
periodic read and write loops occur consistently. More specifically, at startup, a sequential
read spanning block numbers 0–7500 occurs, corresponding to the accesses of configuration
and setup files. These accesses are essentially one-shot and unlikely to be reused; caching
such file blocks would provide no benefit and may even pollute the cache space. In contrast,
near block number 7500, a region repeatedly referenced throughout the entire workload is
observed. This region corresponds to core data structures of the internal engine—including
tokenizer tables, LLM metadata, and index files—and thus represents essential caching
targets. Subsequently, between block numbers 10,000–15,000, a periodic write loop appears,
which we attribute to updates of the handwriting recognition engine. Finally, the range
15,000–25,000 shows a periodic read loop corresponding to model weight files used in
neural machine translation.

Figure 1b shows the block access behavior for AI Translate workloads. Similar to AI
Notes, configuration/setup files are sequentially read, while persistent references to a small
hot set are also observed. The subsequent trace reveals two distinct periodic read loops: the
low-numbered loop corresponds to dictation model files for source language recognition,
while the higher-numbered loop corresponds to target language dictation model files. In
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addition, a sequential write pattern was observed between block numbers 600 and 700,
which was identified as temporary database copies generated during translation.

 
(a) AI Notes  (b) AI Translate 

   
(c) Text Embedder  (d) Text Classification 

Figure 1. File block accesses of on-device inference LLM workloads.

Figure 1c presents the results for the Text Embedder workload. Similar to the previous
workloads, a sequential read phase occurs at startup, corresponding to configuration and
setup files, followed by persistent references to a small hot set of frequently accessed blocks.
Between block numbers 1500 and 8000, a periodic write loop is observed, corresponding
to temporary copies of the deep-learning model files used for inference. These writes
occur because the model files are packaged inside the application’s compressed, read-only
installation bundle (.apk) and thus cannot be directly accessed by the native inference
library. To enable direct access, the required model files are copied from the .apk package to
a writable cache directory, where they become regular file-system objects accessible to the
inference engine. The file-preparation process is intermittently triggered during execution
as the application updates its runtime conditions, resulting in the periodic write-loop
pattern observed in the trace.

Figure 1d shows the trace for the Text Classification workload. The workload also
begins with a one-time sequential read corresponding to initialization files, after which
write operations dominate. Similar to Text Embedder, a periodic write loop appears
between block numbers 1800 and 8000, caused by the same model-file copying process.
Although the two applications differ slightly in task structure, both exhibit the same system-
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level looping behavior, originating from how model files are prepared and managed within
Android’s application environment.

Despite differences in detail, all four apps share three common traits: (1) sequential
access to configuration/setup files during initialization, (2) looped accesses to model weight
files during inference, and (3) persistently accessed small hot sets that remain relevant
over time.

3.2. Remote Inference

We now turn to applications where inference is executed remotely and the mobile
device functions as a thin client. Figure 2a shows the file block references for Copilot. In
contrast to the on-device case, there are no looped accesses to model weight files; instead,
sequential references dominate. Persistent references to a small set of blocks near block 0
and at higher ranges are visible, but the majority of activity consists of bursts of sequential
write–read–write patterns. These correspond to uploading a file and prompt, sending them
to the network, and subsequently receiving and storing the results for display.

   
(a) Copilot  (b) Perplexity 

   
(c) Claude  (d) Gemini 

Figure 2. File block accesses of remote inference LLM workloads.

Figure 2b shows the trace for Perplexity. The overall pattern resembles Copilot, with
sequential accesses dominating. Some low-numbered blocks appear to form loops, but
closer inspection indicates that these are probabilistic re-references rather than structured
loops. The low-numbered region corresponds to repeated small hot set accesses (e.g.,
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metadata or indexing files), while higher block regions are associated with handling each
user prompt—saving locally, reading for transmission to the remote inference server, and
storing results when required. A subset of hot blocks at low numbers is also persistently
referenced, interpreted as small internal data repeatedly needed during prompt handling.

Figure 2c presents the results for Claude. As in the previous apps, accesses correspond-
ing to each prompt appear largely sequential. A persistent hot set, including metadata
and indexing files, is observed near blocks 0 and 4000. Interestingly, references observed
around 0 (s) reappeared near 160 (s), creating what looked like a loop; however, further
analysis revealed these resulted from a failed prompt request being retried, leading to
two consecutive accesses to the same file. They therefore do not represent structured
loop patterns.

Figure 2d shows the trace for Gemini. Similar to the previous results, each prompt
request exhibits sequential accesses. Small hot blocks, persistently accessed throughout
the execution, are also present, though their access frequency is relatively lower than in
other applications.

3.3. Summary

In summary, remote inference workloads are dominated by sequential file accesses
and lack the repeated loop structures that characterize on-device inference. By contrast,
on-device LLM workloads consistently exhibit three defining features: initialization-related
sequential scans, persistent small hot sets, and looped accesses to large weight files
during inference. These observations highlight the unique caching demands posed by
on-device LLMs.

4. Buffer Cache Model for LLM and Implications
Personalized LLM devices—including not only smartphones but also smartwatches,

wearables, and elder-care robots—are poised to become key platforms in the AI era. These
devices, however, differ widely in memory capacity, power budget, and storage bandwidth,
which constrains the feasible size of on-device models and often necessitates fallback to
remote inference. Recent smartwatch SoCs have begun to adopt CPU-GPU-NPU architec-
tures. For instance, Apple’s S9 integrates a four-core Neural Engine to support on-device
Siri [42]. Similarly, Samsung’s Exynos W1000 employs a 3 nm Mali-G68 with a big.LITTLE
CPU cluster [43] and Qualcomm’s Snapdragon W5+ incorporates a dedicated ML core and
low-power DSP [44].

Despite these advances, storage performance remains a critical bottleneck [45]. Most
watches still rely on eMMC storage, which is considerably slower than the UFS storage
commonly used in smartphones. Consequently, repeated reads of large weight files can eas-
ily saturate the I/O bandwidth. In practice, smartwatches are better suited to lightweight,
specialized models, while larger models are more realistically deployed in a hierarchical
fashion across paired smartphones or higher-tier personal AI devices. A pragmatic strategy
is to embed aggressively quantized micro-LLMs for short-context, on-device processing,
while adopting a resource cut-off rule to delegate larger contexts to remote servers. In
contrast, smartphone-class devices with LPDDR memory, UFS storage, and capable NPUs
are expected to support on-device inference for medium-scale models, although careful
design must account for buffer cache size, hot set coverage, storage bandwidth, battery
drain, and thermal constraints.

4.1. Cache Size Model

Figure 3 illustrates the overall structure of the buffer cache for model weight files,
contrasted with the KV cache maintained in GPU memory. Unlike the KV cache, which
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is highly sensitive to prompt length and session duration, the host buffer cache is mainly
determined by the selected model and remains relatively stable against input variations.
As shown in Section 3, file accesses to LLM workloads can be decomposed into three main
components: (1) one-time sequential scans during initialization, (2) persistent accesses to a
small hot set (e.g., tokenizer tables, metadata, and index files), and (3) looped accesses to
model weight files. From a caching perspective, one-time sequential scans provide little
benefit and should be evicted quickly to avoid polluting the cache. By contrast, hot sets
must always be fully retained, and loop references to weight files must be sustained to
prevent I/O stalls.

 
StorageHost memoryGPU

weight 
files

File system

other
files

OS buffer 
cache

GPU memorycore

CPU

KV 
cache

model
weight

File
I/O

LLM 
I/O file 

blocks

Figure 3. Overall structure of the buffer cache for model weight files.

Ideally, all looped weight-file blocks would fit into the cache. If not, the system must
rely on scan-resistant policies. Standard LRU is problematic because loop blocks may be
evicted before being reused, leading to repeated I/O [46]. Instead, loop blocks should be
pinned in cache across iterations so that each cycle yields deterministic cache hits. If the
loop consists of N blocks and the cache can accommodate only S of them, then each cycle
yields S cache hits and (N–S) blocks must be re-fetched from storage. To ensure that storage
I/O does not become a bottleneck, the available bandwidth must be sufficient to serve
the uncached portion within a loop cycle. Formally, the minimum cache size for loops
must satisfy

S ≥max{ 0, ⌞N − BW × T⌟} (1)

where S denotes the cache portion available for looped weight blocks after fully retaining
hot sets, N is the number of blocks in the loop, BW is the sustained storage bandwidth (in
blocks per second), and T is the allowable fetch delay threshold within which any non-
resident block must be fetched and staged so that inference proceeds as if served from cache
(no stall). Each block corresponds to 4 KB, consistent with the page size used throughout
our experiments; thus, BW in Formula (1) can be expressed in MB/s by multiplying by
4 × 10−3 (MB per block). If the equation is not met, the system will incur inference delays
proportional to the deficit in cache coverage.

We derive the practical setting of T by profiling the token-generation latency of each
on-device model. In our mobile setting, the per-token compute time ranges from tens to
hundreds of milliseconds depending on model size and quantization level. Specifically, we
measure the average token-generation speed on the Samsung Galaxy S22 under AI Notes
and AI Translate workloads using the same experimental setup described in Section 3
and observe a throughput of approximately 8–12 tokens per second (corresponding to
80–125 ms per token). Based on these results, the default value of T is set to 0.1 s as a
representative value within this range. We also examine the sensitivity of the model to T
and observe that moderate variations (±20–30%) cause negligible changes in predicted
performance, since both computation and I/O maintain stable throughput under our tested
workloads. In real-time interactive systems with strict QoS targets, T could be set to a lower
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value (e.g., below 0.1 s), but since on-device LLM inference operates as a best-effort service,
we believe that our chosen T remains practically valid.

Unlike server-class multi-tenant settings, mobile devices rarely run multiple latency-
critical apps concurrently in the foreground. The OS prioritizes the foreground app and
reclaims other apps’ memory when needed, so the buffer cache is effectively dominated by
the foreground app. Our LLM-aware policy therefore focuses on in-app arbitration and
does not consider resource sharing among multi-tenants.

Designing cache replacement algorithms for LLM workloads is not inherently difficult,
given the relative simplicity of their access patterns. In this paper, we adopt a lightweight
yet effective strategy: sequential-only accesses are given the lowest priority and cached
only opportunistically when space is available, whereas once such accesses evolve into
loop patterns, their constituent blocks are pinned starting from the lowest block numbers
up to the cache capacity. If multiple loops overlap or interleave, the policy prioritizes
shorter-period loops, fully pinning their blocks if space permits, and then allocates any
remaining cache space progressively to longer-period loops. For random accesses, we re-
serve a dedicated portion of the cache to guarantee persistence of hot blocks, and the space
is managed using an LRU policy. The reserved cache space for hot blocks is configured
according to the typical case analyzed in Section 3, but it can also expand or shrink adap-
tively as workload characteristics vary. Given the relative simplicity of LLM file accesses,
we can even pre-classify the application’s files into three categories—sequential, loop, and
hot—so that cache management can be directly applied without online pattern detection.
Algorithm 1 depicts the pseudocode of the proposed policy. Note that this version relies on
online detection of access patterns rather than assuming pre-classification.

In practice, occasional noise or short interruptions may temporarily prevent a loop
from being detected, but such cases are rare and automatically corrected in the next iteration.
Because LLM weight-file accesses exhibit highly regular patterns, the proposed method
consistently captured all recurring loops observed in our traces. Specifically, all loops
present in the on-device LLM workloads were successfully detected by the proposed
scheme.

Now, let us discuss the computational and memory overhead of the proposed caching
policy. Each block access requires an adjacency check, set-membership lookup, and simple
category updates, yielding an overall time complexity of O(1) per access. Eviction is also
performed in O(1) time, since the oldest accessed block can be directly found from the LRU
(least recently used) list, which moves a block to the newest position upon each access and
selects the victim from the opposite end without any element comparison. Likewise, block
numbers within a block sequence are appended sequentially, so the highest-numbered
block can be identified without comparison. The memory usage for each cache block is also
O(1), as only minimal metadata are maintained per block sequence—specifically, the start
and end block numbers and their category (sequential, loop, or hot)—requiring only a few
bytes. Therefore, the proposed policy can be implemented efficiently in terms of both time
and space overhead.

Figure 4 compares the cache hit ratio of the proposed LLM-aware policy with that
of a generic LRU as cache capacity increases. The results demonstrate that LLM-aware
policy consistently achieves higher hit ratios by discarding one-time sequential scans
and ensuring persistent loop hits. Specifically, the proposed policy shows a gradual
performance improvement as the cache size increases, whereas LRU exhibits regions
where no performance gain is observed even with enlarged cache sizes. In particular, for
Text Embedder and Text Classification, LRU remains at a near-baseline hit ratio even at
the largest cache sizes tested. This occurs because file accesses in these workloads are
dominated by a single long loop. Consequently, even when the cache capacity is large
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enough for the other two policies to achieve high hit ratios, LRU cannot accommodate the
entire loop and therefore gains no loop-level hits.

Algorithm 1. Pseudocode of the LLM-aware cache management policy

Block sequence BS is consecutive blocks {B, B + 1, . . .};
Each BS belongs to one of SEQ, LOOP, or HOT;
BS(B) returns BS that contains block B (if any);

procedure Access(B)
if previous access is B − 1 then

add B to BS(B − 1);
if BS(B) ∈ HOT then

remove BS(B) from HOT;
insert BS(B) into SEQ;

end if
else

if BS(B) ∈ SEQ or LOOP then
BS’← {B};
insert BS’ into LOOP;

else if BS(B) is undefined then // B accessed first
BS’← {B};
insert BS’ into HOT;

end if
end if

end procedure

procedure Evict( )
if SEQ is not empty then

evict highest-numbered block from oldest BS in SEQ;
else if HOT is full then

evict the least-recently-used block from HOT;
else // LOOP is full

evict highest-numbered block from longest-period BS;
end if

end procedure

We also compare our policy with LeCaR (Learning Cache Replacement), a well-known
machine-learning-based cache replacement policy [47]. Unlike deterministic algorithms,
LeCaR makes use of expert-based learning where LRU and LFU serve as the two base
algorithms, and determines their weights through online training using regret-minimization
strategies, which reward the policy incurring fewer misses while penalizing the other. As
shown in Figure 4, although there exist certain ranges where LeCaR performs slightly better
in the AI Notes workload, the proposed policy significantly outperforms LeCaR in the
AI Translate workload, confirming its competitiveness. Similar trends are also observed
in the Text Embedder and Text Classification workloads. For Text Classification, LeCaR
occasionally achieves slightly higher hit ratios in certain cache-size intervals due to its
nondeterministic behavior. However, for both Text Embedder and Text Classification
workloads, the proposed policy consistently delivers higher overall performance, further
confirming its robustness across diverse application behaviors. Overall, while LeCaR
shows noticeable performance fluctuations even with small cache-size variations, the
proposed policy maintains stable and consistent improvement as cache capacity grows.
Moreover, LeCaR incurs substantial overhead due to its online learning process, whereas
the proposed policy achieves comparable performance with only lightweight adjacency
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checks. Given the relatively straightforward access patterns of LLM workloads, designing a
cache replacement algorithm is not particularly challenging. The more critical contribution
of this work lies in developing a cache sizing model and analyzing the feasible weight file
sizes that can be supported under practical cache capacities.
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Figure 4. Hit ratio of LLM-aware caching in comparison with LRU and LeCaR as cache size varies.

We further evaluate the impact of storage bandwidth on end-to-end inference latency.
In this experiment, the memory bandwidth for host-to-GPU transfers is set to 20 GB/s
with a base latency of 2 µs. Storage accesses assume a per-I/O setup latency of 50 µs and
sustained sequential read bandwidths of 100, 200, 500, and 1000 MB/s. Unless otherwise
noted, request granularity is 1 KB while cache accounting and storage transfers follow the
OS page size (4 KB). Figure 5 presents the total data-fetch latency as a function of storage
bandwidth and cache size. As shown in the figure, the latency decreases as the cache size
and storage bandwidth increase. However, the patterns differ across the four workloads.
For AI Notes, Text Embedder, and Text Classification, the latency is strongly influenced
by storage bandwidth, showing clear improvement until the bandwidth reaches about
500 MB/s, beyond which additional gains are negligible. Increasing the cache size also
yields gradual improvement, but its impact is less pronounced than that of bandwidth. In
contrast, AI Translate exhibits high sensitivity of latency to cache size. In particular, before
the cache becomes sufficiently large, latency decreases sharply with cache enlargement,
especially under lower bandwidth conditions. These results highlight that both cache
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capacity and storage bandwidth must be jointly considered to guarantee QoS for mobile
LLM inference, depending on model sizes and access characteristics of LLM workloads.
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Figure 5. Data fetch latency of LLM-aware caching as cache size and storage bandwidth vary.

4.2. Discussion on Hardware Specifications

Smartwatches typically provide only 1–2 GB of RAM. After accounting for the operat-
ing system, platform services, and background applications (e.g., health monitoring, music,
notifications, and sensor services), the buffer cache realistically available for LLM work-
loads is limited to about 100–200 MB. A conservative estimate for the portion exclusively
dedicated to LLM inference is roughly 64 MB. Within this budget, tokenizer and index files
(less than 4 MB as observed in Section 3) must be fully retained; otherwise, severe I/O
slowdowns occur due to frequent reloading of hot data.

For looped weight-file accesses, only a subset of the loop can be cached in practice, but
partial retention is still crucial to mitigate repeated reads from slow eMMC storage. While
the nominal sequential read throughput of eMMC 5.x is 200–300 MB/s, its effective runtime
bandwidth typically falls near 100 MB/s under thermal and power constraints. Assuming
an allowable fetch delay of T = 0.1 s in Equation (1), local inference can sustain a loop size
of N = S + BW × T ≈ (64 − 4) + (100 × 0.1) = 70 MB, without causing I/O stalls. Here,
the loop size denotes the total amount of model weight data accessed once per inference
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iteration. Empirically, AI Notes (≈60 MB loop) and AI Translate (≈2 MB loop) fit within
this bound, whereas state-of-the-art LLMs require over 500 MB of weight data, making
direct on-device inference infeasible on watches. In such cases, paired smartphones or edge
servers should be leveraged, with LTE-enabled watches falling back to cloud inference
when disconnected.

In contrast, smartphone-class devices are equipped with 6–8 GB of host memory, of
which 512 MB to 1 GB can typically be used for buffer caching. Among this, 256–512 MB
can be reserved for LLM loop data, and UFS 4.0 storage provides sustained sequential read
bandwidths of ≥1 GB/s. With T = 0.1 s and loop-dedicated cache size S ranging from
256 MB to 512 MB, Equation (1) yields sustainable loop sizes of ≈356–612 MB without
I/O stalls. This capacity corresponds to 1–3 billion-parameter models, depending on
quantization and activation compression, and is adequate for small-to-mid-scale on-device
LLMs. However, larger models still suffer from thrashing due to long reuse distances and
extensive sequential scans, making remote or edge-assisted inference a more practical option.

In summary, the buffer cache in resource-constrained devices must (1) guarantee
full coverage of hot sets, (2) retain looped weight-file blocks within storage-bandwidth
limits, and (3) avoid cache pollution from one-time scans. At present, watches can only
support highly compact LLMs under these constraints, while smartphones can accom-
modate small-to-mid-scale models up to 3 billion parameters. For larger LLMs, dedi-
cated personal AI devices or edge/cloud offloading remain necessary to sustain real-time
inference performance.

5. Conclusions
This paper analyzed the file-level I/O characteristics of LLM inference on mobile

platforms, with a focus on distinguishing on-device inference workloads from conventional
cloud-based ones. Through detailed trace analysis, we identified three defining patterns:
one-time sequential scans during initialization, persistent small hot sets related to tokenizers
and metadata, and recurrent loop references to model weight files. These insights highlight
that, unlike cloud-based inference, on-device LLM workloads impose unique stresses
on the operating system buffer cache, leading to potential I/O bottlenecks. Building on
these findings, we proposed a buffer cache model tailored for LLM workloads in resource-
constrained consumer devices. Our approach stresses the importance of allocating sufficient
cache space to accommodate hot sets and loop segments, and it prevents cache pollution
from one-time sequential accesses. We further analyzed the implications of hardware
specifications, such as memory capacity and storage bandwidth, showing that smartwatch-
class devices are limited to very small models or must rely on hierarchical offloading,
whereas smartphone-class devices can sustain a broader range of on-device inference.

Our analysis, which focused on Transformer-based LLMs, indicates that the recurring
loop pattern arises from the repeated reuse of weight files. Other architectures, such as
State Space Models (SSMs), may exhibit less strict periodic access because hidden-state
propagation replaces part of the attention mechanism. Even so, these models are also ex-
pected to involve segment- or layer-level weight reuse, implying that the proposed caching
mechanism remains applicable when such recurring accesses are treated as generalized
loop segments. As future work, we plan to extend our analysis and caching framework to
these architectures.

Another open question is whether the loopiness we observed remains consistent under
different quantization strategies. Although our analysis revealed stable recurring loop
access patterns across various applications, model sizes, and quantization states, we have
not yet quantified how specific quantization methods (e.g., INT8 vs. INT4 or sparsity-aware
quantization) may affect loop size or structure. Models employing extreme sparsity or
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novel quantization schemes could reduce or reshape loop blocks, potentially requiring
parameter-level adaptation. We will investigate this aspect in future work.
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