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Abstract

This paper examines the model loading bottleneck during
the LLM inference startup. Existing solutions often optimize
model loading performance at the expense of compatibil-
ity. However, compatibility is a crucial factor determining
whether a technology can be widely applied in real-world sce-
narios. This work achieves both high performance and strong
compatibility by optimizing the cache policy of the kernel
file system. We design PPC, a programmable page cache
framework that allows users to customize page cache policies
in a non-intrusive, flexible, and lightweight manner. Further-
more, we design MAIO, a cache policy implemented based
on PPC, to optimize model loading. MAIO introduces an I/O
template-based mechanism to fully utilize SSD bandwidth,
XPU affinity, and data locality to enhance the efficiency of
prefetching and eviction. Our evaluation shows that MAIO
reduces the model loading latency by up to 79% compared
to existing optimizations. In a real-world application, MAIO
achieves up to 36% improvement in inference throughput
over other tested solutions in the elastic deployment scenario.

1 Introduction

Large language models (LLMs) are widely used in many sce-
narios, such as chatbot [26,32] and code generation [5, 12].
MaaS (Model-as-a-Service) [10, 15,37] is a promising tech-
nology for large-scale LLM inference, and it enables users
to directly use LLM inference services through simple APIs
without being aware of the complex hardware and software
architectures (e.g., OpenAl [27], ModelArts [8], Bailian [7]).
The startup latency for inference services is a critical perfor-
mance metric for MaaS systems, as it significantly impacts
service QoS and resource utilization. Currently, the sizes of
models are enormous and continue to grow, reaching hundreds
of gigabytes or even terabytes. This makes model loading a
major bottleneck for the startup of inference services.

To reduce the overhead of model loading, the fundamental
idea is to keep the model as close to the XPU (e.g., GPU,
NPU) as possible. Storing (hot) models on high-speed SSDs
at inference nodes is a method that balances performance and
cost, widely adopted in both industry and academia. How-
ever, simply using the local file system to store models is
suboptimal, as it fails to fully leverage the performance of
storage/interconnect hardware. Some existing works aim to
address this shortcoming, e.g., ServerlessLLM [9] improves
the bandwidth utilization of SSDs by using pipeline load-

ing; BlitzScale [39] achieves model sharing via high-speed
interconnects (NVLink [25], RDMA) between GPUs.

There is an overlooked disadvantage in the existing model
loading optimizations [9, 39] — trading off compatibility for
performance. They have a strong dependency on customized
software and specific hardware. However, compatibility is
crucial and determines whether a technology can be applied
in real-world scenarios. To ensure strong compatibility for
model loading optimization, we need to consider three di-
mensions: 1) It must be compatible with inference software
ecosystems, such as frameworks and model formats. 2) It has
no intrusive modifications to the OS kernel, as the cost of
switching the kernel in a production environment is extremely
high. 3) It has no hardware dependencies, making it suitable
for a wider range of platforms.

Goal & Motivation. The goal of this work is to provide
ultimate model loading acceleration on local file systems
while ensuring compatibility. According to our analysis, the
performance bottleneck of the kernel file system in model
loading primarily stems from the inefficient cache policy of
the kernel, which is mainly reflected in: 1) The prefetching
policy fails to fully utilize the substantial idle bandwidth of
SSDs. 2) The affinity of XPU has not been fully utilized. 3)
The eviction policy cannot accurately perceive the temporal
locality during model loading. Our motivation is to make the
kernel page cache programmable and enable the policy to
adaptively optimize for different inference services.

Programmable Page Cache (PPC). The cache program-
ming framework must meet the requirements of being non-
intrusive to the kernel, flexible, and lightweight. Although
some techniques allow users to control the cache behavior
to some extent, they cannot simultaneously meet these three
requirements. For example, the FUSE-based solutions [6, 16]
provide high flexibility for users to implement the whole file
system in the userspace, but they have a heavy software stack;
the eBPF-based solutions [4,38,41] allow users to inject cus-
tomized cache policies into the kernel, but they lack flexibility
(e.g., complex policies are not supported) and may involve in-
trusive modifications to the kernel (e.g., adding kfunc/helper).

This work proposes PPC (Programmable Page Cache)
framework to meet all three requirements. PPC consists of a
routing file system (RFS) in the kernel and a cache policy run-
time (CPRT) in the userspace. RFS is a read-only file system
that stacks on top of any kernel file system. It hijacks the file
operations of the underlying file system and allows the invo-
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cation of the user-defined policy within the native I/O process
without modifying existing kernel modules. CPRT provides
VFS-like programming semantics for users to develop the
cache policy in the userspace and is responsible for managing
and efficiently executing user-defined policies. With these de-
signs, PPC can support users in implementing advanced cache
policies (e.g., MAIO) with low overhead, while it can be con-
structed as an independent kernel module to avoid intrusive
kernel modifications.

Model-Accelerated I/O (MAIO). To enhance the efficiency
of the cache policy during model loading, the policy must
meet two requirements. Firstly, it must be capable of sensing
the I/O characteristics of model loading. For compatibility, the
policy needs to be independent of the inference framework,
making model loading a black box. Additionally, different
inference services have distinct I/O characteristics. Secondly,
it should be able to perform targeted optimizations based on
the I/O characteristics. This means it needs to fully utilize idle
bandwidth, XPU affinity, and temporal locality to optimize
prefetching and eviction.

We design MAIO (Model-Accelerated I/O) based on PPC,
a cache policy aimed at optimizing model loading. MAIO
leverages a phenomenon — the I/O pattern of model load-
ing is the same across identical LLM inference services (i.e.,
model, tensor parallelism, efc., are the same). Therefore, MAIO
pre-builds an I/O template for each inference service, which
describes the I/O sequence of each XPU during the model
loading. When the inference service starts, MAIO obtains its
I/O characteristics by parsing the target I/O template. It fur-
ther proposes three mechanisms — interruptible prefetching,
XPU affinity loading, and “Burn-after-Reading” eviction — to
optimize bandwidth utilization, host-to-device transfer effi-
ciency, and eviction accuracy, respectively. As a result, MAIO
delivers state-of-the-art I/O optimization for model loading
while ensuring strong compatibility.

We evaluate MAIO (and PPC) on five mainstream models
and the results show that model loading latency in MAIO is
reduced by up to 79% and 74% in memory-rich and memory-
constrained scenarios, respectively, compared to existing com-
patible and incompatible optimization solutions. In the elastic
inference scenario, MAIO achieves up to 36% improvement
in throughput over other tested solutions.

This paper contains the following main contributions:

* It quantitatively analyzes the impact of cache policies on
model loading in LLM inference startup.

e It designs PPC, a programmable framework that allows
users to customize page cache policies of kernel file sys-
tems in a non-intrusive, flexible, and lightweight manner.

* It designs MAIO, an advanced cache policy based on PPC
to accelerate model loading, and demonstrates its benefits
via micro-benchmarks and real-world applications.

The rest of this paper is organized as follows: Section 2

introduces the background and motivation; Section 3 and 4

introduce the designs of PPC and MAIO; Section 5 shows the
detailed evaluation; Section 6 concludes the paper.

2 Background and Motivation

2.1 Model Loading and Goal

The MaaS (Model-as-a-Service) technology is widely used
in the Al industry [10,37] — it addresses the high complex-
ity and high resource consumption problems associated with
deploying LLM inference services by supporting one-click
and on-demand deployment. The MaaS platform pre-builds
templates for each inference service, which describe execu-
tion parameters such as the model and parallel strategy. It
will elastically launch LLM inference services (templates)
based on user requests, while providing load balancing, fault
tolerance, and security guarantees.

The startup speed of the LLM inference service is a key per-
formance metric in Maa$S platforms, which can significantly
affect the QoS and resource utilization of the system. How-
ever, LLM inference startup is time-consuming. The model
loading stage is one of the main bottlenecks in LLM inference
startup, as the size of LLM models can reach hundreds of giga-
bytes or even terabytes. For example, it takes about one hour
to start a DeepSeek-R1-671B inference service in our MaaS
platform, while loading the model from the OBS (object store)
accounts for more than 70% of the total overhead.

Incompatible Optimizations. Storing (hot) models on the
SSDs of the inference nodes is a mainstream practice for
performance. On this basis, existing works further perform
customized optimization within the inference framework to
reduce the model loading latency. For example, Serverless-
LLM [9] leverages multi-tier parallel loading and live migra-
tion to accelerate the model loading; BlitzScale [39] uses an
O(1) caching approach, which allows the model to be directly
shared between GPUs via NVLink [25] and RDMA. How-
ever, the key shortcoming of these works is the sacrifice of
compatibility. Based on our production experience, the com-
patibility is a decisive factor in whether the technique can be
widely applied across various real-world scenarios.

To maximize the compatibility of model loading optimiza-
tion, we need to consider the following three aspects: 1) Trans-
parency in the LLM inference ecosystem. The software stack
for LLM inference is complex and diverse (e.g., VLLM [19],
SGLang [40]), making it difficult to standardize as users se-
lect technologies based on their specific scenarios. Even from
the perspective of infrastructure vendors, the LLM inference
software is a black box that cannot be perceived or modified.
2) No intrusive modifications to the OS kernel. For stability
and security considerations, production environments often
only allow the use of upstream versions. Therefore, modify-
ing existing kernel modules (e.g., altering memory/file system
mechanisms, adding eBPF helper/kfunc) is strictly restricted
and may require a long period before being upstreamed. In ad-
dition, switching the OS kernel in a production environment is
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Figure 1: SSD Bandwidth Utilization of Inference Startup.

a massive engineering task. For example, upgrading the kernel
for hundreds of thousands of nodes in our production clus-
ter can take years. 3) No hardware dependency. The model
loading optimization must avoid relying on specific hardware
features of particular chips (e.g., NVLink [25], HCCS [35]).

Design Goal. This work is also dedicated to optimizing model
loading on the SSDs of inference nodes, but it targets a dif-
ferent goal from existing works — to achieve state-of-the-art
optimization of model loading while ensuring compatibility.
Models are typically stored as files, and the core of optimiz-
ing model loading lies in efficiently utilizing the memory
cache of the file system. This leads us to optimize the cache
policy of the kernel file system based on the I/O characteris-
tics of model loading, while ensuring compatibility with the
inference framework, OS kernel, and hardware.

2.2 Cache Policy

The startup of the LLM inference service involves three stages:
framework initialization (e.g., starting the container), model
loading, and service startup (e.g., initializing KV cache). The
model loading process parses the model structure and loads
tensors one by one from the file system onto the XPU. The
cache policy of the file system, which is the mechanism for
prefetching and evicting data between the memory and SSD,
significantly affects the model loading performance. How-
ever, the traditional cache policy in the kernel is inefficient
for model loading. For example, the loading overhead of
Qwen2.5-72B still reaches the minute level, accounting for
more than 50% of the startup overhead of LLM inference
service. We evaluate the I/O characteristics of model loading
and discuss the shortcomings of the cache policy of the kernel,
which lead to three observations:

Observation 1: The prefetching mechanism cannot fully uti-
lize idle SSD bandwidth and effectively hide I/O overhead.
We evaluate the variation in SSD bandwidth utilization dur-
ing the startup of Qwen2.5-72B and L1ama-70B (the testbed
is detailed in § 5). Figure | presents two key findings. 1) The
average bandwidth during model loading is only about 17%
of the maximum bandwidth. 2) The startup process involves
numerous operations decoupled from I/Os, but I/Os are not

adequately hidden, such as during the framework initialization
phase and data post-processing in the model loading phase.
This is because the prefetching in the kernel page cache is in-
efficient for model loading. First, the prefetching cannot fully
utilize the concurrency of SSDs due to limitations in the num-
ber of kworkers. Second, the accuracy of prefetching is low,
making it difficult for I/Os to be hidden by other processes
during startup — the kernel cache policy simply prefetches a
contiguous segment (e.g., 128KB) of data from the same file
as the front-end I/O, while the I/O behavior of model loading
is complex.

Observation 2: Model loading is sensitive to XPU affinity,
but this dimension is overlooked by the kernel cache policy,
affecting the efficiency of host-to-device data transfer.

To evaluate the impact of XPU affinity, we replicate multi-
ple copies of the model and store them separately on tmpfs
bound to different NUMA nodes, while modifying vLLM to
ensure that each XPU loads the model only from the tmpfs
of its respective NUMA node. Our results show that this XPU
affinity approach can reduce model loading latency by about
20% compared to placing the model on a single NUMA node.
However, the prefetching mechanism in the kernel cache pol-
icy cannot determine and control which XPU the data should
be loaded to, so it blindly loads the data into the NUMA node
of the prefetch thread (kworker), affecting the efficiency of
model data transfer from host to XPUs.

Observation 3: The I/O pattern of model loading exhibits
strong temporal locality, but it cannot be precisely detected
by the eviction mechanism.

Memory-constrained scenarios are common in real-world
workloads (e.g., reserved for the KV cache). Therefore, the
eviction mechanism will significantly impact the performance
of model loading. We evaluate the model loading performance
of Qwen2 . 5-72B under different available page cache sizes.
The result shows that when the available page cache space
is about 45% of the model size, the model loading latency
increases by 38% compared to the scenario with sufficient
page cache. Model data will remain in the XPUs throughout
the lifecycle of the inference service in most cases. This
means that once a page of model data is loaded to XPU(s), it
can be evicted from the host side page cache. The kernel cache
policy monitors page popularity through sampling and uses
LRU for eviction. This eviction mechanism fails to accurately
predict the temporal locality of pages during model loading
because it is unable to detect when pages are loaded into the
XPUs. This results in invalid data not being promptly evicted,
causing the eviction overhead to manifest on the critical path.

2.3 Motivation

The motivation of this work is to make the kernel page cache
programmable and enable the policy (prefetching and evic-
tion) to adaptively optimize for different inference services.
However, this motivation faces the following challenges:
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Table 1: Comparison of Techniques for Controlling Page Cache.

FUSE-based eBPF-based Kernel-native PPC

Typical RFUSE [6], PageFlex [38], . .
System  XFUSE[16] FetchBPF[4] 2dvise[29] Thiswork
Non-intrusive v X X v
Flexibility v X X v
Lightweight X v v v

Challenge 1. How to design an efficient programmable page
cache framework? The framework must satisfy the following
requirements simultaneously: 1) Non-intrusive — it should be
an independent kernel module and compatible with existing
file systems. 2) Flexibility — it needs full control over the
cache policy logic (e.g., timing and scope of prefetching and
eviction, memory layout) and allows different policies to be
switched flexibly. 3) Lightweight — it must have a low impact
on front-end I/O performance.

Table 1 compares existing techniques for controlling ker-
nel page cache. The FUSE-based systems [2, 6, 16] allow
users to customize the file system in the userspace, but they
bring high overhead even with state-of-the-art optimizations.
The eBPF-based systems [4, 38] allow users to inject the
customized policy into the kernel, but they fail to support
complex policies (e.g., parsing I/O characteristic files) and
flexible policy deployment/switching (e.g., they are unable to
implement directory-level policies). They may also require
intrusive kernel modifications (e.g., adding helper/kfunc). The
kernel-native system, fadvise [29], allows applications to
explicitly prefetch/evict pages, but it cannot deeply collabo-
rate with front-end file accesses, which makes it difficult to
accurately control the logic of prefetching and eviction. This
work leverages the idea of stacking file system and proposes
PPC (Programmable Page Cache) framework to meet three
requirements mentioned above (§ 3).

Challenge 2. How to optimize the cache policy for differ-
ent LLM inference services in a “black box” manner? The
policy must meet the following requirements: 1) I/O charac-
teristics awareness — it should be capable of sensing the I/O
behavior of model loading without relying on modifications
to the upper-layer LLM inference system. 2) Adaptive I/O
optimization — it needs to ensure strong generalization, so that
it can efficiently prefetch and evict data across different LLM
inference services.

Existing related works [9,39] achieve model loading opti-
mization by deeply coupling the I/Os and the inference sys-
tem, which violates the “black-box™ design principle and is
not applicable here. In the MaaS system, the LLM inference
service is pre-built as a template, and the template describes
basic service information such as the model and parallel pa-
rameters. We found that the I/O behavior of the same template
(LLM inference service) is reproducible. Taking advantage
of this characteristic, we can transparently track I/Os and
pre-build I/O templates at the service granularity, and then

® Application User Policy Policy
o
g Dy ib Call Prefetch / Eviction
& — e e R ey
< POSIX File Access |
2 (e.g., read, mmap) | Policy Cache CPR_T
! Executor Manager (Cache Policy
— Y T Poll Event
Cache
Operati Wiss RFS :
‘ Sf:«::i:;n H UPC (Routing Load / Reclaim :
3 FS) ‘
S SO I L S S PPC
x| N
Namespace Traditional Kernel FS

Figure 2: Architecture of PPC. RFS stacks on top of the existing file
system, hijacks its cache miss process, and calls user policy through
system events; CPRT provides the policy programming framework
and policy execution runtime.

optimize model loading based on the templates. By this in-
spiration, this work designs MAIO (Model-Accelerated I/O),
an advanced cache policy based on PPC for model loading
to provide adaptive prefetching and eviction optimizations
while ensuring strong ecosystem compatibility (§ 4).

3 Programmable Page Cache

PPC is a cache policy programming framework, which runs
on top of existing kernel file systems, allowing users to cus-
tomize the page cache behavior (prefetch/evict) of the target
file namespace. PPC includes two key designs: 1) A routing
file system (RFS) is proposed to allow the cache policy of
the kernel file system to be overridden in a non-intrusive and
lightweight manner (§ 3.1). 2) A cache policy runtime (CPRT)
is designed to support flexible programming and efficient ex-
ecution of user-customized policies (§ 3.2).

Architecture. Figure 2 shows the architecture of PPC. The
RFS works in the kernel, where it hijacks the page cache miss
of the underlying file system and encapsulates its contexts into
a message, then triggers a special system event (UPC). In the
userspace, the cache policy runtime (CPRT) provides a VFS-
like programming framework, allowing users to customize
cache policy by overriding the functions it offers. The user-
customized policy will be compiled into the dynamic link
library and registered in CPRT. At runtime, CPRT listens
to and parses events generated by RFS in a non-blocking
manner, converting them into function calls within the user-
customized policy, and efficiently executes cache prefetching
and eviction operations.

This architecture enables PPC to meet the requirements
outlined in Table 1. First, the kernel part (RFS) in PPC is
an independent kernel module, so there is no need to modify
any existing components of the kernel (meets non-intrusive).
Second, PPC supports policy customization at the directory
granularity, and the userspace programming framework sup-
ports the implementation of complex policies (meets flexibil-
ity). Third, PPC ensures low overhead through simple stack-
ing and non-blocking event handling (meets lightweight).
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Table 2: Main APIs of PPC.

API Parameter Description
_ ppc_path Mount PPC on the ppc_path and
mount -ppc base_path associate it with the base_path
ppc_path Register the policy (policy_path)
reg_policy policy_path to the ppc_path using the initial
config configuration from the config
rm_policy ppc_path Unload the policy on the ppc_path

APIs and Usage. Table 2 shows the main APIs for enabling
user-customized cache policies using PPC. To change the
cache policy on the base path (base_path) of the kernel file
system, the following two steps must be executed: First,
the user calls the mount to build PPC on an empty path
(ppc_path) and uses the -ppc flag to associate the PPC path
with the base path. Then, the user calls the reg_policy with
the dynamic link library of the policy and the PPC path as
parameters to register the user-customized policy into the
PPC. The reg_policy also allows users to pass custom data
structures and parameters (config) for its cache policy. After
these two steps, the namespace under the base path will be
mapped to the PPC path, and POSIX file access by users on
the PPC path will follow the registered cache policy. It is
worth noting that if no policy is registered, PPC will fall back
to the default cache policy in the kernel. In addition, PPC
provides the rm_policy interface that allows users to remove
the registered policy.

3.1 Routing File System

Figure 3 shows the implementation of RFS. It utilizes the
stacked file system mechanism to enable the cache policy of
the kernel file system (i.e., prefetching and eviction) to be
changed. Stacked file systems (e.g., OverlayFS [17]) are a
special type of kernel file system that hijacks the operations
of underlying file systems by overriding the VFS interfaces.
This allows developers to modify the native operations (e.g.,
open, read, write) without requiring intrusive modifications
to the underlying file system.

After RFS is mounted, its file namespace is a mirror of
the target file namespace of the underlying file system. The
application uses the root path of RFS to replace the original
working path of the underlying file system. The VFS data
structures (e.g., superblock, inode, file, dentry) of RFS are
mapped to the corresponding structures of the underlying
file system, and these mappings are recorded in the custom
fields of the VFS data structures (e.g., i_private in inode, pri-
vate_data in file). By stacking, RFS can call and orchestrate
functions implemented in the underlying file system (i.e., op-
erations in inode/file structures) to hijack the native file access
logic, then embed the user-customized policy into the native
logic using the userspace procedure call (UPC).

Since model loading is a read-only scenario, the current
RFS is a read-only file system and supports embedding cache

POSIX File Read User Policy User Buffer
struct file {
RFS T
--|---private_data l
}
struct file { i | VFS Page Cache
> file_ tions -1+ - i
FS tie-operations It -+ | FileData Accessed Data
3} | fs_readpages () | 4

| Load from disk |

Figure 3: Implementation of RFS. In read operation, the cache
policy is triggered when a cache miss occurs (red arrow); when a hit
occurs, data is directly read (blue arrow).

policies into the read and page fault (for mmap) processes.
We believe that RFS can be easily extended to support write
operations for more scenarios. Additionally, RFS does not
modify the native prefetching/eviction mechanisms in VFS
but instead disables them via system configuration.

Operation Stacking. RFS provides standard POSIX file se-
mantics, so applications do not require modification. It sup-
ports most read-only file operations:

mount / unmount. They are used to associate/disassociate
RFS with the namespace of a given underlying file system.
The mount process includes two steps: 1) RFS creates the
superblock and binds it to the superblock of the underlying file
system. 2) RFS initializes a device for UPC (detailed later).
The unmount process is straightforward in RFS, requiring
only the release of relevant metadata and devices.

open / close. The open operation includes two steps: 1)
VES performs path lookup in the dentry cache. If a component
is missing, the lookup operation of RFS creates a new dentry,
converts the path into the original path in the underlying
file system (by using the original parent dentry recorded in
the RFS’s parent dentry), calls the lookup operation in the
underlying file system to create the original dentry, and then
records the original dentry in the RFS’s dentry. 2) After path
lookup, RFS calls the open operation of the underlying file
system to create a new original file structure and records it
into the file structure created by RFS. In the close operation,
it only needs to reclaim the file structures of both RFS and
underlying file system.

read. 1t includes three steps: 1) Based on the given file
handle, it obtains the original inode of the underlying file
system (recorded in the RFS’s inode) and checks if the target
pages are in the VFS page cache by looking up the page index
in the original inode. 2) If the I/O misses the page cache, RFS
encapsulates the I/O miss information as an event and notifies
the cache policy runtime in the userspace for processing via
UPC. 3) It finally calls the read operation of the underlying
file system to access the requested data.

mmap (page fault). The file mapping process of RFS is
similar to the traditional kernel file systems, i.e., creating
a VMA and binding it to the page fault operation of RFS.
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When users access the mapped address, RFS will perform the
page fault operation if the target page table is not mapped.
The page fault operation is similar to the read operation in
RFS and consists of three steps: 1) It retrieves the original
inode recorded in the RFS’s inode and checks whether the
target page is in the page cache; if so, it maps the page to
the corresponding page table and completes the page fault
operation. 2) If the page is missing, it sends the I/O miss event
via UPC. 3) It calls the page fault operation of the underlying
file system to load the page from disk, and then completes the
page mapping.

Other Operations. In addition to the file operations de-
scribed above, RFS also supports common read-only meta-
data operations, such as stat, readdir, etc. These operations
only need to redirect the data structures related to the oper-
ations in RFS (e.g., inode, file, dentry) to their original data
structures in the underlying file system and then execute their
corresponding functions.

Userspace Procedure Call. Each RFS creates a virtual char-
acter device for UPC, and the cache policy runtime in the
userspace gets I/O miss events using poll/epoll. The event
body includes the original file handle, offset, length, and pro-
cess ID of the missing I/Os, which will be parsed by the policy
runtime in the userspace. Then, the corresponding prefetching
and/or eviction functions will be called. UPC ensures perfor-
mance through two aspects. First, it is non-blocking, so event
sending incurs only the overhead of enqueuing. Second, it
utilizes per-core queues to enhance concurrency performance.
The event queue is implemented through xarray, enabling it
to support dynamic length.

3.2 Cache Policy Runtime

CPRT adopts the programming style of VFS, i.e., users im-
plement a cache policy by overriding functions defined in the
ppc_operation structure and register it in CPRT. It consists of
two components: 1) The policy executor maintains a thread
pool to listen for events from RFS’s UPC and convert the
event body into function input parameters (e.g., mapping the
file handle to the path, aggregating continuous miss I/Os). It
is also responsible for orchestrating the user-customized func-
tion calls based on I/O miss events and memory space status.
2) The cache manager is used for efficiently loading/reclaim-
ing pages. The programmer only needs to focus on the design
of the policy itself and then return the I/Os to be prefetched/e-
victed to CPRT.

Policy Executor. The user needs to compile the cache pol-
icy as a dynamic library and use the reg_policy to register
it into PPC. The registration process uses dlopen to open
the dynamic library and overrides the default implementation
in the ppc_operation structure with corresponding functions
from the policy. PPC supports changing cache policies on the
fly — when the workload changes (e.g., application switching),
users can use the rm_policy to unload the policy and register

1 #include

2 int init(void* private) {

3 // Initialize the policy by "private"

4 return 0;

53

6 int exit(void) {

7 // Clean the environment and exit

8 return 0;

91}

10 struct prefetch_ios* prefetch(struct miss_io *mio) {
11 // Utilize "mio" to design prefetch policy
12 return ios_for_prefetch;

13}

14 struct evict_ios* evict(struct miss_io *mio) {

15 // Utilize "mio" to design eviction policy
16 return ios_for_evict;

17 3}

18 const struct ppc_operation policy = {

19 .ppc_init = init,
20 .ppc_exit = exit,
21 .ppc_prefetch = prefetch,
22 .ppc_evict = evict,
23 };
24 struct ppc_operation *register_policy() {
25 return (struct ppc_operation *)&policy;
26 }

Figure 4: Pseudo Code of Programming Framework.

anew one. Currently, each PPC instance (file namespace) can
only register one policy at a time. For scenarios requiring the
coexistence of multiple policies, users can split the names-
pace into several independent sub-namespaces and mount
PPC separately, or customize different sub-policies within
a single policy based on access paths. Figure 4 shows the
programming framework. There are four functions in CPRT
that need to be overridden by the user.

ppc_init() / ppc_exit(). The ppc_init() is called once when
the policy is registered. The typical usage is for initializing the
environment and global data structures during the execution
of the policy. The ppc_exit() is called once when the policy
is unloaded from PPC. Its typical usage is for gracefully
terminating the cache policy, such as destroying global data
structures and environments upon normal exit, and throwing
exceptions upon abnormal exit.

ppc_prefetch(). It will be called every time an I/O miss
event is received from UPC, with miss I/O information as
the input parameter. For scenarios where I/O behavior can be
predicted (e.g., model loading), the policy can directly utilize
the miss I/O information to make prefetching decisions. For
scenarios where 1/O behavior is unpredictable, the policy can
perceive application behavior by recording and analyzing his-
torical miss I/O information, thereby guiding its prefetching
actions. The function will return a prefetch I/O list, where
each element (I/O) consists of the file path, offset, size, and
target XPU ID (used for affinity loading). The cache manager
will parse and execute the I/Os in the prefetch I/0 list.

ppc_evict(). The policy executor checks memory usage at
two points: at fixed intervals and after each I/O miss event is
received (before prefetching). If the memory usage exceeds

122 24th USENIX Conference on File and Storage Technologies

USENIX Association



the threshold (e.g., 80%), the eviction function is called. The
input parameter is the miss I/O information or NULL (for peri-
odic eviction). Similar to ppc_prefetch(), the programmer can
perceive immediate I/O behavior and utilize it to design the
policy, ultimately returning an I/O list for the cache manager
to execute the page eviction.

The ppc_init() and ppc_exit() do not have a default imple-
mentation, and will be bypassed if the user does not define
them. PPC will fall back to the eviction policy in the kernel if
the ppc_evict() is not defined. The default implementation of
ppc_prefetch is similar to the mechanism of the kernel.

Cache Manager. It is designed to ensure simple policy pro-
gramming while maximizing the utilization of the idle I/O
resources as much as possible. The outputs of ppc_evict() and
ppc_prefetch() are merely “recommendations”, and the cache
manager will efficiently execute page loading and eviction
based on the current system conditions.

For the evictor, PPC directly uses the fadvise to inform
the kernel to preemptively release the target pages (with the
POSIX_FADV_DONTNEED flag). It will mark clean pages as
reclaimable (which is not the case for dirty pages), ensuring
best-effort but effective reclamation in read-only scenarios
(i.e., model loading). In addition, PPC sets the eviction thresh-
old (used memory) below the kernel’s threshold to avoid
triggering the native eviction process in the kernel.

For the loader, the fadvise is not sufficient due to its lack
of fine-grained I/O control. The loader maintains a core-bound
thread pool to ensure full utilization of the SSD concurrency,
and RFS provides an ioctl for the loading threads to effi-
ciently call the page loading process of the underlying file sys-
tem. In addition, the loader provides two important features.
1) XPU affinity awareness. The policy can specify the XPU
affinity for the data to be prefetched, and the loader will parse
the XPU topology and load the data into the NUMA node
where the target XPU resides. 2) Interruptible. For simplicity
in programming, PPC assumes that the policy is unaware of
the system state, which may lead to aggressive issuance of
prefetch I/O. The loader will interrupt the ongoing loading
process when memory usage exceeds the threshold, I/O band-
width is insufficient, or a new prefetch request is triggered
while there are no available threads in the thread pool (e.g., in
cases where prefetching is slower than front-end loading).

Programming Example. As an example, consider a simple
cache policy: prefetching/evicting a contiguous segment of
data behind/ahead of the cache miss location. In this pol-
icy, the ppc_prefetch/evict function shifts the positions in
the miss_io structure rightward/leftward to calculate the po-
sitions of the data to be prefetched/evicted, and then adds
these positions to the I/O list (ios_for_prefetch/evict).
Then, PPC parses the returned I/O list and performs the cor-
responding prefetch/eviction operation. In addition, the core
mechanism of PPC is not only applicable to traditional local
file systems, but it can also be easily extended in the future

to support other storage architectures, such as distributed
file systems [3, 14, 34] and heterogeneous memory file sys-
tems [22, 30, 36].

3.3 Security and Reliability

PPC does not compromise the security of the kernel file
system because it still maintains the isolation between the
userspace and the kernel. CPRT and the userspace policy
do not directly access or modify the metadata and data of
the kernel file system but instead interact with the kernel
using poll/epoll, which is the traditional mechanism for
userspace-kernel communication. At the same time, the func-
tions in the policy run entirely in the userspace. In addition,
PPC ensures strong reliability from two aspects. First, it can
tolerate programming faults. The policy execution is decou-
pled from the kernel file system and the application, and the
enforcement of the policy (e.g., prefetch, eviction) is achieved
through standard system calls. Therefore, programming bugs
will only affect the processes running the policies and will
not impact the kernel and the application. Second, it has no
impact on the crash consistency. RFS does not alter the native
synchronization mechanism between the memory and disk of
the underlying file system.

4 Case Study: Model-Accelerated 1/0

This section introduces MAIO (Model-Accelerated 1/0), an
advanced cache policy based on PPC. It can perceive the I/O
characteristics of model loading across different inference
services and adaptively optimize I/O behavior, while ensuring
strong compatibility.

4.1 Model Loading Optimized Policy

The inspiration for MAIO stems from a phenomenon — the
I/O pattern of model loading can be the same across identi-
cal LLM inference services, and identical services imply that
the models and runtime parameters (e.g., tensor parallelism
and PD disaggregation configurations) they utilize are the
same. At the same time, the Maa$S system typically pre-builds
templates for LLM inference services to enable elastic deploy-
ment. These observations lead to our optimization principle
— pre-building a template of the I/O pattern for each service,
and then implementing an advanced policy that can automati-
cally generate/parse I/0O templates and perform specific I/O
optimizations for different LLM inference services.

The high-level operational logic of MAIO is as follows. Be-
fore each inference service starts, the operator (e.g., MaaS
platform) calls reg_policy to launch MAIO with the MAIO
dynamic library, model path, and service ID as parameters.
The service ID is the hash value calculated by concatenating
the runtime parameters of the inference service (e.g., model
name, TP size, PD size). During initialization, MAIO checks
whether the target service ID has a corresponding I/0O tem-
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Figure 5: Implementation of MAIO. The prefetch/eviction function
first parses the I/O miss event, then identifies the I/O group to which

the miss I/0 belongs, and finally executes the policy logic to return
the list of I/Os to be prefetched/evicted.

plate. If not, it executes the template generation process; oth-
erwise, it performs the template-based cache policy.

I/0 Template Generation. As shown in Figure 5, each LLM
inference service is associated with an I/O template, which
records the I/0O sequence of each XPU worker during the
model loading. The inference framework assigns a worker
(host-side process) to each XPU to load the required model
weights to the device. The MaaS platform will assign an XPU
list to the inference service, and the inference framework will
bind each XPU worker to the XPU in the list in a round-robin
manner and incrementally assign a logical ID (starting from
0). To support refined policy design and multi-node inference,
the I/O template is divided into multiple I/O groups based
on the XPU worker ID. Each group contains multiple tuples
and each tuple contains information about an I/O operation,
including the file path, offset, and size of the accessed data.
MAIO stores the I/O templates as files, and they can be kept
in local or shared remote storage.

MAIOQ performs I/O template detection within the ppc_init()
function and executes the generation process if the target tem-
plate does not exist. MAIO achieves I/O template generation
by implementing a special ppc_prefetch() function. Since
PPC calls ppc_prefetch for each I/O miss and passes the I/0O
information as its input parameter, MAIO can utilize the pa-
rameter to generate the I/O template and simply set the return
value to NULL (without performing prefetch). Specifically,
MAIO establishes the mapping between the I/O and the XPU
worker ID by matching the process ID (PID) in the I/O infor-
mation with the processes running on the XPUs. In the MaaS
platform, I/O template generation can be integrated into the
pre-built process of service templates.

Template-based Cache Policy. The I/O template presents
opportunities for optimizing cache policy for model load-
ing because it allows the policy to accurately predict the
I/O behavior. Figure 5 shows the execution steps. @ The
ppc_prefetch()/ppc_evict() function is called by PPC. @ The
policy identifies the XPU worker ID associated with the I/O
miss event, in order to decide which I/O group should be

used. It first identifies the XPU where the I/0O’s PID (from the
input I/O information) resides, then obtains the XPU worker
ID based on the XPU topology of the inference service. &
MAIQ performs the prefetch/eviction policy based on the I/O
group corresponding to the XPU worker. MAIO proposes the
following three mechanisms:

1) Interruptible Prefetching. Each time an I/O miss event
triggers ppc_prefetch(), MAIO locates the miss I/O within the
I/O group and then prefetches data from that position based
on the sequence in the I/O group. A challenge is determining
the prefetch size. A large prefetch size may lead to competi-
tion with front-end I/Os. For example, prefetching will result
in redundant data loading if it lags behind the progress of the
inference framework. However, a small prefetch size will re-
sult in insufficient bandwidth utilization. Benefiting from the
interruptible nature of the PPC loader, MAIO can aggressively
set the prefetch size from the I/O miss location to the end of
the I/O group. When a new I/O miss is triggered during the
prefetch (when the front-end I/O is faster than the prefetch
1/0), the ppc_prefetch() will be called again, and the starting
position of the prefetch will jump to the latest position of
the front-end I/O. The PPC loader will then interrupt the old
prefetch request to execute a new one, thereby avoiding redun-
dant loading. In addition, interruptions can also be triggered
when memory is insufficient.

2) XPU Affinity Loading. During the prefetching process,
MAIQO further controls the memory location where data is
loaded to enhance the subsequent transmission efficiency be-
tween DRAM and XPUs. For each ppc_prefetch() call, MAIO
can dynamically detect the destination XPU of the data. The
I/O template stores the mapping between data and logical
Worker IDs (each XPU corresponds to one worker). Worker
IDs are strictly increasing and are one-to-one mapped to the
increasing XPU numbers (the same worker loads the same
data each time). During loading, MAIO locates the target XPU
based on the Worker ID to which the data belongs (because
MAIO knows the XPUs being used, the new Worker ID-XPU
mapping can be obtained). Then, it finds the NUMA node
that is affine to the target XPU. The XPU affinity feature of
the PPC loader ensures that prefetched data is loaded into the
NUMA node associated with the target XPU.

3) “Burn-after-Reading” Eviction. In typical model load-
ing, the model data remains in the devices’ HBM after being
loaded to the target XPUs, after which the host-side cache
holds little value. Since the front-end model loading I/Os are
executed in the order of the sequence in the I/O group, the data
before the miss I/O position is likely cold. MAIO designs the
BAR (Burn-after-Reading) eviction policy based on this char-
acteristic. MAIO maintains an eviction cursor to distinguish
between evicted and non-evicted data. When ppc_evict() is
called, it evicts data between the current miss I/O position and
the eviction cursor, and updates the cursor. However, data near
the current miss I/O position may not yet have been loaded
into the XPU. To reduce the possibility of cache thrashing,
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MAIO maintains a distance (1GB by default) between the end
of the eviction and the current miss I/O position. The BAR
distance is an empirical value that ensures no cache thrashing
in the scenarios we have verified.

Comparison with Other Policies. MAIO has significant ad-
vantages compared to existing cache policies for file systems:

vs. Prediction-based Policies. This is the most widely ap-
plied type of policy, including the native kernel cache policy
and its various optimized versions (e.g., CrossPrefetch [11]).
They often employ sampling in conjunction with traditional
heat-based cache algorithms (e.g., LRU, LFU, ARC [23])
to manage cache, which fails to accurately perceive the 1/0
characteristics in the model loading scenario, resulting in
low efficiency in prefetching and eviction. In contrast, the
template-based approach of MAIO can accurately perceive the
I/O characteristics of model loading, encompassing not only
access timing but also XPU affinity and data lifecycle.

vs. Experience-based Policies. This type of policy em-
ploys a mechanism independent of the file system to perform
prefetching/eviction based on user experience, e.g., blindly
prefetching all data under the target path. For example, many
container image loading optimizations [13,20, 21] specify
data priorities for precise prefetching (e.g., manually setting
the priority of files). However, these policies are suboptimal
for model loading. First, the I/O characteristics vary depend-
ing on the deployment form and model structure, making it
difficult to be accurately perceived by the user. Second, the
lack of collaboration between the prefetching process and
front-end I/Os may lead to additional I/O contention. These
two shortcomings are well addressed in MAIO.

vs. LLM Framework-embedded Policies. This type of pol-
icy (e.g., ServerlessLLM [9]) embeds a cache policy into the
model loading logic of the inference framework, enabling it
to precisely perceive the I/O characteristics. Despite their in-
compatibility, they still have shortcomings. First, they cannot
fully utilize idle bandwidth during stages other than model
loading, such as container startup and inference service ini-
tialization stages. Second, the existing works in this type lack
consideration of eviction policy. Compared to these works,
MAIO has higher prefetching and eviction efficiency.

4.2 Discussion

The following discussion arises from the design and industrial
practice of MAIO:

Inference Service Dependence. Thanks to the strong com-
patibility of MAIO, it can be run on any hardware and any
inference software stack. Its primary dependency is the speci-
fication of the LLM inference service, such as the configura-
tion of tensor parallelism and prefill-decode disaggregation,
as it affects the I/O template (i.e., data that each XPU needs
to load). For a service, the I/O template and MaaS template
are associated through the service ID and share the same life-
cycle. The MaaS platform can sense specification changes

and invoke the PPC interfaces to regenerate the I/O template,
while MAIO does not need to bear the overhead of managing
the lifecycle of I/O templates.

Complexity of Policy Programming. MAIO provides OS
developers with an automatic optimization policy for model
loading (without detailed knowledge of the model). Even
without MAIO, upper-level users can also easily utilize PPC
to implement policies that meet their customized needs. Un-
like related technologies (e.g., eBPF, FUSE), PPC does not
require programmers to be familiar with the OS and storage
systems; they only need to implement the cache algorithm it-
self. Simplified programming can bring more possibilities for
I/0O optimization, e.g., model developers can directly program
the cache policies based on the model structures.

Resource Contention. Since MAIO is per-service, there
may be resource contention (e.g., I/O, CPU) among multiple
MAIO instances when the node runs multiple inference ser-
vices simultaneously. For containerized (mainstream) scenar-
ios, each MAIO instance and its target service run in the same
cgroup, which reuses the mature QoS control mechanisms
of cloud platforms. For bare-metal scenarios, a feasible ap-
proach to handle resource contention is to add MAIO instances
to different cgroups and achieve QoS control by configuring
the cgroup parameters, which will be our future work.

Hardware-Agnostic. The designs of MAIO are suitable for
mainstream accelerators (e.g., GPU, NPU). First, only the
host-to-device transfer of accelerator affects model loading,
while using PCle and integrating with host’s NUMA topol-
ogy is a general architecture. Second, MAIO does not rely on
hardware-specific features of the accelerator.

4.3 Industrial Practice

MAIO has been deployed in Intelligence BooM [28], an in-
tegrated inference solution designed for enterprise private
data centers. Intelligence BooM adopts the MaaS concept,
providing simple APIs for customers with one-click deploy-
ment of inference services. In the customer’s cluster, each
node is equipped with eight Ascend 910B3 NPUs intercon-
nected via HCCS and four 48-core Kunpeng 920 5250 CPUs
@ 2.6GHz, while nodes are interconnected through RDMA.
The inference services are deployed as containers, and they
are orchestrated and scheduled through Kubernetes [18] and
Ray [1]. The inference framework adopts vLLM-Ascend [33],
which operates on top of MindSpore [24]. In customer sce-
narios, they use different models for various businesses (e.g.,
Agentic Al), so the inference service needs to adopt elastic
deployment to improve resource utilization. This makes the
performance of inference startup a critical metric.

Integration & Performance. MAIO can be seamlessly inte-
grated into this industrial solution for model loading accel-
eration. We run PPC on the host OS of each node, while
allowing the control plane of Intelligence BooM to start/stop
MAIQ through the APIs of PPC. MAIO is added to the same
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Figure 7: Inference Startup Latency of Various Models.

cgroup as its accelerated inference service. The I/O tem-
plates are stored on NFS, allowing them to be shared by all
nodes. We evaluate the benefit of MAIO in Intelligence BooM
by launching the DeepSeek-R1-67 1B inference service from
a cold start. The service runs on two nodes (16 NPUs), while
the model is stored on the local SSDs. Compared to directly
loading from the local file system, MAIO can reduce the model
loading latency from 649 seconds to 452 seconds. MAIO is
even faster than fully caching the model in DRAM that has
a latency of 561 seconds, primarily due to the stacking of
extensive I/Os and other processes of model loading (e.g.,
model metadata parsing), while the XPU affinity accelerates
the transmission between the host and NPUs. It is notewor-
thy that in this customer scenario, MAIO has almost hidden
the I/0 overhead from model loading, with the primary cost
stemming from tensor formatting in MindSpore.

5 Evaluation

All experiments are run on a node with four 48-core Kunpeng
920 5250 CPUs @ 2.60GHz, eight Ascend 910B2 NPUs, 1TB
DRAM, and 3.75TB SSD. The software stack includes vLLM-
Ascend 0.9.2, PyTorch 2.5.1, and Linux kernel 5.10. Unless
otherwise specified, the inference service is deployed as a con-
tainer and runs on four NPUs. We compare MAIO with typical
model loading optimizations, including both compatible and
incompatible optimizations.

Compatible Optimizations. Optimizations in this category
do not require intrusive modifications to the kernel and/or
inference framework, and they are compatible with any hard-
ware, any inference software stack, and any model format.
There are three contrasting optimizations within this category:
Native — it keeps the model on the disk and uses native cache
policy of the kernel file system. EagerLoad — we implement

a simple policy that prefetches the model in one go when the
first I/O is triggered (using UPC), without eviction optimiza-
tion. PreCache — it pre-caches the entire model into memory,
completely eliminating disk I/O during the model loading at
the cost of significant memory capacity. It is noteworthy that
MAIO also belongs to this category.

Incompatible Optimization. The optimizations in this cat-
egory have a different design principle compared to MAIO.
They exhibit a strong dependency on both hardware and soft-
ware, and the vast majority cannot be run on our NPU-based
testbed. We select ServerlessLLM [9] as the representative,
which is a state-of-the-art incompatible optimization. It is
noteworthy that ServerlessLLM sacrifices certain aspects in
exchange for performance, which is unnecessary for the eval-
uated compatible optimizations. First, it requires converting
the model format. Second, it requires the host’s free memory
to exceed the model size and have additional HMB space, as
it needs to pre-allocate and pin memory for DMA. We use
SLLM-NPU for evaluation, which is the version of Serverless-
LLM [9] adapted for NPU (by its authors). However, due
to the high difficulty of adaptation, it has some bugs and
can only run with Transformers (VLLM unsupported). There-
fore, we can only evaluate the model loading performance
of SLLM-NPU in scenarios with sufficient memory. Another
incompatible optimization, BlitzScale [39], is not included in
the comparison because it primarily optimizes model sharing
between nodes (which is orthogonal to MAIO) and relies on
the specific hardware.

5.1 Performance

5.1.1 Model Loading Latency
We select five popular models to evaluate the perfor-

mance, including small (Qwen2.5-7B, L1ama-7B), medium
(Qwen2.5-32B), and large (Qwen2.5-72B, Llama-70B)
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sizes. The experiments consider scenarios with both sufficient
and constrained host memory. For the memory-constrained
scenario, we restricted the available memory for model load-
ing to 64GB using cgroup, a value chosen based on our
experience with real-world workloads.

Figure 6(a) shows the results in the sufficient memory sce-
nario. MAIO is up to 79% faster than Native in model loading.
The primary benefit stems from the prefetch optimization in
MAIO, which allows for more efficient utilization of SSD
bandwidth. EagerLoad accelerates model loading compared
to Native because it hides the I/O overhead to some ex-
tent. However, EagerLoad is up to 32% slower than MAIO,
because it cannot perform precise prefetching. PreCache im-
proves performance at the cost of increased memory usage
(i.e., the entire model is cached in memory), but it is still up
to 37% slower than MAIO, due to insufficient consideration
of XPU affinity. Compared to the incompatible optimization,
MAIO reduces latency by up to 17% over SLLM-NPU in the
large model scenarios. The reason is that MAIO can sense
and trigger prefetching during the first access of the file sys-
tem by the inference framework, allowing I/O overhead to be
overlapped with more processes of the inference framework
(e.g., container initialization, model structure parsing). In con-
trast, SLLM-NPU only performs prefetching during the model
loading stage (by modifying the inference framework), thus
failing to fully utilize the idle SSD bandwidth.

Figure 6(b) shows the results in the memory-constrained
scenario. MAIO reduces latency by up to 74% compared to
other evaluated solutions. It is noteworthy that PreCache and
EagerLoad do not show a significant advantage over Native.
The reason lies in the fact that they cause severe cache thrash-
ing in the memory-constrained scenario. For PreCache, the

cache is pre-filled with a portion of the model data, and if
the I/O for model loading incurs a cache miss, it will trig-
ger the kernel’s native eviction mechanism to discard data
that may be used in the future. For EagerLoad, simple batch
prefetching leads to the eviction of data that has already been
prefetched but not yet used. In contrast, the BAR eviction
and interruptible prefetching in MAIO perceives the real-time
state of memory usage and model loading process, thereby
achieving more efficient I/O control.

5.1.2 Inference Startup Latency

The process of starting the inference service not only includes
model loading but also involves the initialization of the infer-
ence framework (e.g., container initialization.) and the startup
of the inference service (e.g., KV cache initialization). Fig-
ure 7(a) shows the results in the sufficient memory scenario.
MAIO delivers up to 38% latency reduction over Native,
thanks to faster model loading. Compared to PreCache and
EagerLoad, MAIO offers up to 6.6% performance improve-
ment. It is noteworthy that PreCache requires a significant
amount of memory to achieve this performance, thereby re-
ducing the available capacity of the KV cache during the in-
ference process. Figure 7(b) shows the results in the memory-
constrained scenario. Compared to other comparative solu-
tions, MAIO reduces latency by up to 51% due to its significant
performance advantage in model loading.

5.1.3 Bandwidth Utilization

We analyze the benefits of MAIO by sampling the SSD band-
width (1 second interval) during the end-to-end startup pro-
cess of the inference service. The horizontal lines in Figure 8
mark the different stages, including framework initialization,
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model loading, and service start. The experiments are run on
Qwen?2.5-72B, considering both sufficient and constrained
memory scenarios.

Figure 8(a) shows the results in the sufficient memory sce-
nario. In Native, I/Os are concentrated during the model load-
ing stages, and they cannot fully utilize the SSD bandwidth
during the framework initialization and model loading stages.
The reason is that the native prefetching policy of the kernel
only prefetches a segment of data adjacent to the triggered I/O
(within the same file), and it cannot leverage the high concur-
rency advantages of SSD. In contrast, the I/O operations of
EagerLoad and MAIO are concentrated during the framework
initialization stage and (almost) fully utilize the maximum
bandwidth of the SSD, which results in nearly all I/Os during
the model loading stage being cache hits. The reason is that
PPC will detect and trigger user-defined prefetching func-
tions while employing high-concurrency loading when the
inference framework first accesses the file system. In this sce-
nario, the performance advantage of MAIO over EagerLoad
primarily stems from the design of XPU affinity loading.

Figure 8(b) shows the results in the memory-constrained
scenario. The bandwidth utilization of Native is worse com-
pared to when memory is sufficient, due to the overhead intro-
duced by eviction. However, the performance of EagerLoad
is the worst in this scenario. EagerLoad employs the native
eviction mechanism in the kernel and lacks precise prefetch-
ing control, causing it to blindly load and evict data during
the framework initialization stage. This results in more severe
cache thrashing for EagerLoad during the model loading
stage compared to Native. In contrast, MAIO does not uti-
lize the full bandwidth but offers the shortest latency in this
scenario, because it will evict already used data based on the
current I/O position in the I/O template, while also controlling
the size of the prefetching I/Os.

5.2 Design Analysis

5.2.1 Overhead of PPC

To evaluate the impact of PPC on file access, we implement
an empty policy on PPC, which only receives I/O miss events
from PPC without performing any operations. We run the
empty policy (and PPC) on typical kernel file systems (EXT4
and XFS) and compare the file access performance differences

Base = BASE+P [Z7] BASE+P+A [2] BASE+P+A+E M
(a) no memory constraint (b) 64G memory constraint
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Figure 11: Performance Breakdown of MAIO.

between scenarios with and without PPC. We also compare
RFUSE [6] (an optimized version of FUSE) to demonstrate
the differences between PPC and existing compatibility pro-
gramming framework. All comparison systems adopt the na-
tive cache policy (prefetching and eviction) of the kernel. We
sequentially perform read and memcpy-after-mmap with
IMB I/Os on a 10GB file to evaluate the read performance,
and perform stat on a directory containing 1K files to evalu-
ate the metadata performance.

The overhead of PPC consists mainly of RFS and
CPRT. Thanks to the lightweight stacking and non-blocking
UPC mechanism, the additional overhead introduced by
PPC is small. Figure 9 shows the results. Taking the
memcpy-after-mmap case as an example, on EXT4 (XFS),
PPC introduces an overhead of up to 3.7% (6.4%), whereas
RFUSE introduces an overhead of up to 14% (15%). The
results also demonstrate that PPC does not negatively im-
pact the scalability of the underlying file system. Because
RFS does not change the concurrency mechanism of the file
system, while CPRT has good scalability.

5.2.2 Memory and CPU Overhead

We further analyze the memory and CPU overhead caused
by PPC. To demonstrate memory overhead, we measure the
memory usage of the PPC process (excluding the VFS page
cache) under the read and memcpy-after-mmap scenarios
in the experiments described in § 5.2.1. Figure 10 shows that
the memory overhead of PPC is small (around 30MB), and is
not significantly affected by access patterns or concurrency.
This is because the memory overhead mainly comes from
the metadata of RFS and event messages of UPC, which are
compact in size. The CPU overhead mainly comes from UPC
event listening and data loading. The overhead of UPC event
listening is about 1% to 11% (varying with concurrency)
in the read and memcpy-after-mmap scenarios, while the
overhead of data loading is closely related to the application
workload (e.g., the data volume, I/O pattern).

5.2.3 Performance Breakdown of MAIO

MAIO consists of three core designs: interruptible prefetching,
XPU affinity loading, and BAR eviction. We incrementally en-
able these three designs into the baseline to demonstrate their
respective contributions to performance, with the baseline be-
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Table 3: Size of I/O Template.

Model Spec. Model Size  1/0O Temp. Size
Quen2.5-7B 15GB 11KB
Qwen2.5-32B Node=1 62GB 32KB
Qwen2.5-72B Tp=4 136GB 95KB
Llama-7B 15GB 14KB
Llama-70B 132GB 118KB
DeepSeek-R1-671B I\;‘l’)‘flz 62 662GB 545KB

ing the direct use of the kernel file system. We conduct exper-
iments using Qwen2.5-72B and L1ama-70B under different
memory capacities. Figure 11(a) shows the results in the suffi-
cient memory scenario. Compared to the baseline, the model
loading latency is decreased by more than 65% by enabling
the interruptible prefetching (Base+P), and further enabling
the XPU affinity loading (Base+P+A) can reduce the latency
by more than 8.5% on this basis. However, enabling the BAR
eviction (Base+P+A+E) has little impact on performance im-
provement, as the eviction policy is not the core bottleneck
in the sufficient memory scenario. Figure 11(b) shows the re-
sults in the memory-constrained scenario. For Qwen2.5-72B
(L1lama-70B), gradually enabling the interruptible prefetch-
ing, XPU affinity loading, and BAR eviction brings about
more than 47% (44%), 6% (4%), and 19% (23%) stacking im-
provements compared to the baseline, respectively, indicating
that all designs have significant benefits.

5.2.4 Storage Overhead of I/O Template

The optimization of MAIO relies on I/O templates, which
introduces additional storage overhead. Table 3 presents
the I/O template sizes for several inference services. Even
a model with hundreds of billions of parameters like
DeepSeek-R1-671B has an I/O template size of only 545KB.
This is because the information in the I/O template is highly
compact, and the template generation in MAIO further con-
solidates consecutive I/Os. In addition, the I/O template size
does not change with variations in the deployment form (e.g.,
different tensor parallelism sizes) of the inference service.
This experiment demonstrates that the storage overhead of
the I/O template is almost negligible.

5.3 Real-World Application

We evaluate the benefit of MAIO on end-to-end inference
throughput in the elastic deployment workload, which is
a critical scenario in MaaS systems. In the experiments,
Qwen2.5-72B, Llama-70B, and Qwen2.5-72B are run in
sequence, with each inference service going through three
stages: startup, inference execution, and then destruction. We
adjust the interval of the inference execution stage (from 2min
to 15min) and calculate the average token throughput for the
entire elastic deployment process. ShareGPT [31] is used as
the input prompts for the inference execution stage.
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Figure 12: Inference Throughput in the MaaS Workload.

Figure 12 shows the results. Compared to Native, MAIO
can deliver up to 13% and 28% throughput improvements in
scenarios with sufficient and insufficient memory, respectively.
Meanwhile, the performance advantage of MAIO diminishes
as the elastic interval increases, due to the reduced propor-
tion of model loading overhead. Compared to PreCache and
EagerLoad, MAIO does not show significant advantages in
the sufficient memory scenario, but it offers an average per-
formance improvement of 19% and 21% in the insufficient
memory scenario. Additionally, we have gained two insights
from industrial practice. Firstly, the PreCache solution is im-
practical in the real-world system due to the massive volume
of model data. Secondly, the insufficient memory scenario is
common in real-world workloads.

6 Conclusion

Model loading is a critical bottleneck in inference service
startup. However, existing optimizations for model loading
lack compatibility, thereby limiting their application scenarios.
This work accelerates model loading by optimizing the page
cache policy of the file system and strives to ensure compat-
ibility with the inference ecosystem, OS, and hardware. We
propose PPC, an efficient programmable page cache frame-
work that allows users to customize the kernel’s cache policy.
Furthermore, we design MAIO based on PPC, a cache pol-
icy optimized for model loading. The evaluation shows that
MAIO significantly improves the model loading performance
compared with the existing solutions in many scenarios.
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