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Abstract

GPU-centric storage solutions enable direct access from the
GPU to the storage device via NVMe queues, completely
bypassing the CPU. These solutions alleviate the problems of
previous CPU-centric solutions that relied on the host CPU
to initiate data storage access, such as high CPU-GPU syn-
chronization overheads, I/O traffic amplification, and high
CPU processing latency. However, the state-of-the-art GPU-
centric solutions have no file abstraction or management func-
tionalities (e.g., fine-grained isolation and access control) of
traditional host file systems, and cannot satisfy the needs of
GPU-accelerated machine learning (ML) applications like
GNN and LLM which require fast file access and data shar-
ing. Therefore, existing GPU-centric storage solutions are
inefficient and inconvenient when being applied in practical
ML scenarios.

This paper presents a companion file system (called Gemi-
niF'S) for GPUs. GeminiFS offers a file system interface to
GPU programs that enables direct file-based access to NVMe
storage, which is managed by the host file system. Gemi-
niFS realizes metadata synchronization between the host and
GPU file systems by embedding the metadata directly into
the files. We extend the existing NVMe driver to allow the
CPU and the GPU to set up their control planes in paral-
lel for the storage device. Moreover, GeminiFS provides a
GPU-friendly, software-defined page cache to fully utilize the
internal bandwidth of the GPU. We further offer a convenient
library (libGemini) tailored for GPU programmers, which
abstracts away various underlying complexities thereby re-
ducing programming complexity. Extensive evaluation shows
that GeminiFS significantly outperforms the state-of-the-art
storage solutions for large-scale ML workloads.

1 Introduction

GPU-accelerated machine learning (ML) applications, such
as graph neural networks (GNN) [13,19,20] and large lan-
guage models (LLM) [6, 24,49, 58], have massive datasets

and weights. This typically involves accessing numerous files.
Their sizes can reach up to tens of terabytes (TBs) and are
expected to continuously grow. As a result, although the ca-
pacity of GPU memory has substantially increased in the last
decade [1,23], the gap between GPU memory capacity and
application demand is widening.

To mitigate the capacity-demand gap of GPU memory, tra-
ditional memory-based expansion solutions use host memory
(DRAM) [29] or pool together multiple GPUs” memories [10]
to accommodate the massive datasets and weights, which is
quite expensive in the foreseeable future. In contrast, storage-
based GPU memory expansion solutions [4, 11,22, 38, 40]
extend GPUs’ reach into storage, allowing GPUs to directly
access the NVMe storage devices. With the development of
high-performance flash technologies, storage-based solutions
are more cost-effective than memory-based ones with little
performance degradation [4,39].

Most storage-based GPU memory expansion solutions like
Dragon [25] and GDS [35] are CPU-centric [39] (a.k.a. CPU-
orchestrated [7]). They rely on the CPU to initiate access to
the storage either explicitly (via CPU user/OS code to man-
age data transfer) or implicitly (via CPU page fault handler
activated by GPU page faults of memory-mapped files). Un-
fortunately, CPU-orchestrated approaches are inefficient and
cannot satisfy the GPU’s throughput demands [39], as the
CPU as well as CPU-GPU synchronization becomes a bot-
tleneck when hundreds or even thousands of GPU threads
read/write data on the storage device.

To address the inefficiency of CPU orchestration, BaM
(Big accelerator Memory) [39] proposes a GPU-centric ap-
proach that transfers data directly between GPU memory
and NVMe storage devices. BaM implements the control
plane completely on the GPU by allocating NVMe queues
in GPU memory, through which GPU threads can directly
send NVMe I/O commands to the NVMe device without
involving the host CPU. On the downside, however, the state-
of-the-art GPU-orchestrated approaches do not support file
abstraction and management, thus suffering from the lack of
data and metadata integrity, crash consistency, durability, and
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the ability to manage in-storage resources across GPU de-
vices [17]. When accessing files managed by a traditional file
system, they still require memory copies between the CPU
and GPU, preventing NVMe storage devices from being effi-
ciently utilized by GPU processes. Consequently, the existing
GPU-orchestrated approach cannot meet the high parallelism
and data sharing requirements of common training/inference
scenarios such as accessing input data [4, 56] and sharing KV-
cache [11,38]. However, building a general GPU file system
is prohibitively difficult, since GPUs are naturally unsuitable
for running storage software that requires complex metadata
maintenance [12].

To tackle these challenges, we introduce a lightweight GPU
file system called Companion File System, which coexists with
the host file system. On the host, we use the host file system
for file management (e.g., created, moved, and deleted) and
integrate necessary metadata into the files [9, 59, 60], so that
the file system metadata can be managed on the CPU and
shared with the GPU. On the GPU, we retrieve the metadata
into the GPU memory, based on which we can provide file
system abstractions.

However, designing a companion file system for GPUs
faces unique technical challenges including (i) metadata syn-
chronization, (ii) device driver limitations, (iii) GPU page
cache efficiency, and (iv) GPU programming complexity.

First, metadata synchronization between the host and GPU
file systems is vital for GPU I/O performance [21, 60]. Gem-
iniFS needs to retrieve the metadata integrated into the file
efficiently and support a set of file operations specific to GPU
programs’ storage access demands with high parallelism. Fur-
ther, crash consistency and concurrency control need to be
carefully considered in metadata synchronization.

Second, currently, the NVMe driver only allows the host
file system to exclusively control the NVMe storage device,
and cannot support concurrent control planes for both the
host and the GPU [54]. Therefore, even though the GPU can
retrieve the metadata shared by the host, it still cannot directly
submit NVMe commands to the NVMe storage device.

Third, page cache is essential for improving the perfor-
mance of not only the host file system but also the GPU file
system. However, the traditional page cache design of the
host file system cannot satisfy the shareable access and high
parallelism requirements of GPU storage access patterns.

Fourth, accelerating GPU storage access necessitates inter-
actions between the GPU programs, the coexisting host/GPU
file systems, as well as the NVMe driver. The substantial dif-
ferences between CPUs and GPUs lead to high programming
complexity [41], involving various underlying details.

Fortunately, our analysis shows that GPU-accelerated ap-
plications (like GNN and LLM) exhibit two useful charac-
teristics. First, GPU storage I/0 workloads have certain pre-
dictability, allowing the storage access information to be ob-
tained beforehand based on the model settings. Second, most
on-disk data is read-only during its lifetime, and data is writ-

ten to the storage only through appends. This implies that
the metadata of these data is also predictable and remains
stable. We exploit these characteristics to simplify the design
(e.g., the metadata and index structures synchronization) of
the companion file system for GPUs.

In this paper, we present a design of a companion file sys-
tem (called GeminiF'S) for GPUs, which provides a set of
simplified file system interfaces to GPU programs allowing
file-based direct storage access. To the best of our knowledge,
GeminiFSs is the first GPU-centric file system that unlocks
the GPU’s view of the host file system and enables GPUs to
create on-demand file accesses directly to data on the disk,
without relying on the CPU to initiate or trigger.

This paper makes the following contributions.

* We propose a file format (called GVDK) that integrates
the indispensable file system metadata into the file, includ-
ing the file size/type/offset and the mapping of file logi-
cal blocks to NVMe physical blocks. Based on GVDK,
we realize efficient metadata synchronization between the
CPU/GPU file systems and support specific file operations
required by GPU programs to access NVMe storage.

We extend the existing NVMe driver to allow the CPU and
the GPU to set up control planes in parallel for the storage
device. The shared driver supports I/O queues on both the
CPU and the GPU, enabling the host/GPU file systems to
concurrently submit NVMe requests to the storage device.

* We design a GPU-friendly, software-defined page cache
architecture, which provides a flexible API to exploit local-
ity and control data placement for GPUs’ predictable data
access. The page cache can be shared by multiple GPU
processes to reduce GPU memory footprint.

* We offer an efficient library (called libGemini), which pro-
vides simple but powerful abstractions to lower the com-
plexity of using GeminiFS. libGemini hides the details
of realizing metadata retrieval, synchronization, control of
NVMe I/O queues, as well as host-side initialization.

We have implemented GeminiFS for recently released
GPUs. Extensive evaluation shows that GeminiFS signifi-
cantly outperforms the state-of-the-art GPU storage solutions.
We have open-sourced the key components of GeminiFS at
https://github.com/nicexlab/GeminiFs.

2 Background and Motivation

2.1 Storage Access of GPU Workloads

Various GPU-accelerated ML workloads, including DNN
(deep neural networks) [4,56], LLM [11, 14,38,55,61] and
GNN [3, 15, 16,30, 36, 53] require efficient storage access,
which has been extensively studied in the literature.

In DNN [4,56] and LLM [14,55,61] training, existing stud-
ies focus on offloading intermediate data, including intern
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Table 1: Summary of storage access characteristics of GPU-accelerated ML workloads.

Application Data Types Access Mode Data Size Retention
Training-inputs Read only 10T TB~10°TB | Years
DNN [4,56] Intermediate weights / activations | Read & Write 10T TB~10°TB | Minutes
Model weights Read & Append only seq.write | 10T GB~10°GB | Years
Adjacency Matrix Read only 10> GB~10'TB Years
GNNT3, 15,16,30,36,53] friitrlll;zgieact::o\r;ei hts/ activations/ Sttt Appenc oy [0°CB-10TTB_| Years
& Read & Write 10 GB~102TB | Minutes
feature vectors
Model weights Read & Append only seq.write | 10> GB~10°GB | Years
Training-inputs Read only 10% TB~ Years
LLM [2,11,14,38,43.55.61] Intermediate weights / activations | Read & Write 10; TB~10?TB Minutes
KV-Cache Read & Append only 10° TB~10"PB Years
Model weights Read & Append only seq.write | 10> GB~10"TB | Years

weights and activation generated during forward propagation.
In GNN training, some works [16, 30, 36, 53] utilize high-
volume SSDs to store hundreds of terabytes of adjacency
matrices, feature vectors, and intermediate data generated dur-
ing the training process, which are referred to as short-term
data. The retention of short-term data typically does not ex-
ceed several minutes. Once the subsequent training iteration
starts, the short-term data will become invalid [4]. Currently,
storage devices mainly serve as the secondary cache for GPU
memory. Training workloads also periodically write model
weights to storage as checkpoints, which can be used to re-
sume training in case of failures. The size of checkpoint is
basically the same as that of model weight.

In LLM inference applications, some efforts [2,43] utilize
SSDs to store model weights, which can reach hundreds of
GBs to TBs. Recent works [11, 38] store KV-cache in SSDs
and reuse the KV-cache across multi-turn conversations, to
reduce the repetitive computation overhead and improve the
inference performance. The model weights and KV-cache
in LLM inference, as well as the training input data, require
long-term retention. During the lifetime, the long-term data
undergoes an initial phase of append-only sequential writes
as data is generated. Subsequently, it remains unchanged and
will be accessed in a read-only manner.

Long-term data is often shared and read by multiple GPU
processes. For instance, model weights are shared across mul-
tiple GPU processes when performing parallel model training.
KV-cache is widely used in prefix caching to enable their
reuse across multiple requests for reducing computational
overhead in LLM inference.

Most data access exhibits certain predictability. For in-
stance, the process of DNN training and data features are
determined by the model design and the number of iterations.
Therefore, the data access pattern and data size of DNN train-
ing can be statically analyzed and predicted [56].

Table | summarizes the data types, access modes, data sizes,
and retentions of storage access of common GPU workloads,
which have the following characteristics:

 Short-term data needs no persistence.
* Long-term data is append-only.
* Most storage access has predictable patterns.

 Data needs to be shared across multiple GPU processes.

2.2 Extending GPU Reach to Storage

As illustrated in Fig. 1, existing GPU storage access ap-
proaches can be classified into two categories [7,39], CPU-
centric and GPU-centric, depending on whether they are initi-
ated by the CPU or by the GPU.

2.2.1 CPU-Centric Storage Access

CPU-centric approaches rely on the CPU to initiate storage
access requests. For instance, GPUfs [44] and syscalls for
GPUs [50] allow GPUs to request file data through the host
CPU. ActivePointers [42] adds a memory-map abstraction
on top of GPUfs, allowing GPU threads to access file data
as if they were accessing memory. Dragon [25] incorporates
storage access to the UVM [32] page fault mechanism.
These efforts provide a POSIX-like interface for GPU pro-
grams and rely on CPU user/OS code to orchestrate data
transfer between storage and GPU memory. They utilize the
host file system to simplify the programming complexity of
GPU storage software. However, the complex control logic
between the CPU and the GPU prolongs the storage access
path. Furthermore, using low-parallelism CPUs to serve the
data demands of high-parallelism GPUs is inefficient [7,39].
To address this inefficiency, GDS [35] establishes a direct
data plane between GPU memory and storage by exploiting
their DMA capabilities. Unfortunately, GDS can only provide
a non-POSIX interface, which greatly increases the complex-
ity of programming. Moreover, GDS still relies on the CPU
to initiate I/O to the GPU, thus being a bottleneck for GPU
storage access. For instance, the cuFileBatchlOSubmit oper-
ation in GDS is limited to handling at most 128 operations
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Figure 1: CPU-centric and GPU-centric storage architectures.

per batch [31], which falls short of meeting the demands of
GPUs.

We compare the read performance of two representative
CPU-centric approaches, namely, GPUfs [44] and GDS [35],
with different parallelism levels. The experiment is run on
a server equipped with 64 CPU cores and an NVIDIA GPU
with 80GB memory. The L1 cache of the GPU is disabled. We
use two NVMe storage devices, Zhiti TiPro 7000 (with R/'W
Latency of 15 us [27]) and Intel Optane P5800X (with R/'W
Latency of 4 us [8]), both of which can achieve a bandwidth
of up to 7 GB/sec. The results are shown in Fig. 2.

As illustrated in Fig. 2(a), for GPUfs, when the number
of GPU threads is low, the I/O latency is higher than 190
us on both storage devices, implying that the software stack
overhead accounts for over 90% of the overall I/O latency.
Further, when the number of GPU threads exceeds the num-
ber of CPU cores, both the average and tail latencies surge
dramatically, e.g., increasing by about 250% for 1024 GPU
threads. Fig. 2(b) shows that with small batch sizes, the aver-
age and tail latencies of GDS are even higher than those of
GPUTfs. As the batch size increases, the average and tail laten-
cies decrease but still remain relatively high (around 160 gs).
The software stack overhead of GDS is still non-ignorable.

2.2.2 GPU-Centric Storage Access

To avoid the inefficiency of the CPU-centric approaches.
BaM [39] enables GPUs to orchestrate high-throughput, fine-
grained accesses to storage without CPU orchestration over-
head. GMT [7] further extends BaM’s two-tier hierarchy
(GPU memory and storage) to a three-tier one, adding host
memory between the GPU memory and the storage device.
BaM allocates NVMe queues in GPU memory and maps
them via the GPU driver, making them visible to other devices
on the PCle bus. Further, BaM integrates an NVMe driver into
the GPU, enabling GPU threads to directly send NVMe I/O
commands, which are then executed by the SSD controllers.
By analogy, it can be seen that BaM adopts a similar ap-
proach to the well-known Storage Performance Development
Kit (SPDK) [57]: both provide a full block stack as a user-
level library to enable direct storage access, respectively for

1200 —=— avg p95 p99 —-=--p99.9
ZhiTi 7000 1200 Tntel P5800
1000 1000 e
@ g n . /
é 800 x 800{ " O,
\ .u \ -
G 600 = TaE 600 ‘V',J o 7 a
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Num of GPU threads Num of GPU threads

(a) Average and tail latencies of 4KB read I/O for GPUfs under different
numbers of threads. As the number of threads increases, the average and
tail latencies significantly increase due to contention among CPU cores.
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(b) Average and tail latencies of 4KB read I/0O for GDS under different
batch sizes. In GDS, the software overhead accounts for more than 90%
of the memory access latency. As the batch size increases, the overhead
gradually decreases but remains at a high level.

Figure 2: Average and tail latencies of 4K read I/O for GPUfs
and GDS under different parallelism levels.

GPU and CPU programs. Therefore, BaM naturally encoun-
ters the same problem [62] as SPDK: each GPU/CPU process
is granted direct access to the storage device as a block device,
losing the appropriate abstraction provided by the traditional
file system in the host kernel. As a result, the process needs
to implement a user-level file system (e.g. BlobFS provided
by SPDK [47]) that manages all data and metadata to ensure
system integrity, crash consistency, and durability. Moreover,
metadata isolation makes it difficult to share data both among
different GPU processes and between GPU and CPU pro-
cesses [17]. When loading files from the host file system,
BaM needs to read in-file data from the NVMe device to the
host memory, and then copy it to the GPU memory. This is
inefficient in various Al computation scenarios, such as model
loading/saving, checkpointing, and sharing [39].

2.3 Challenges

To satisfy the stringent performance demand of GPU-
accelerated applications, the goal of this paper is to design
a GPU-centric approach for GPU storage access, which can
submit I/O requests directly to the storage device completely
bypassing the CPU. Meanwhile, the GPU-centric solution
needs to support essential management and provide a set of
POSIX-like file system interfaces to GPU programs.

These two objectives make it necessary to design a new file
system for GPUs. Typically, a file system needs to implement
a minimum set of functionalities, including: (i) maintaining
metadata for files and directories (including the inode informa-
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Figure 3: Overview of GeminiFS.

tion and transaction processing for consistency), (ii) mapping
logical offset to physical data blocks for I/O requests, (iii)
offering a unified interface for upper-layer applications, and
(iv) caching recently accessed data blocks for performance
purpose. Unfortunately, building such a general GPU file
system is prohibitively difficult, since GPUs are naturally un-
suitable for running a stateful software such as a file system
that requires complex metadata maintenance [12].

Considering all GPU-accessed files can be managed (e.g.,
created, moved, and deleted) by the CPU, a straightforward
solution is to introduce a lightweight GPU file system that
coexists with the host file system, so that the file system meta-
data can be managed on the CPU and shared with the GPU.
However, applying this method to GPU scenarios poses the
following challenges.

(1) Metadata synchronization. The file system metadata
needs to be synchronized efficiently and safely between the
host and the GPU. First, it is difficult to fully utilize the high
parallelism of the GPU in metadata synchronization [28],
which may cause a degradation in I/O performance. Second,
in traditional host file systems like EXT4, the metadata is
exclusively managed in the host kernel. When both the host
and the GPU have their own file systems, it is challenging to
ensure metadata safety, as GPU file operations can be closely
intertwined with metadata operations. It would potentially
undermine the benefit of bypassing CPU and results in subop-
timal performance due to communication overhead [5].

(2) Limitations of the NVMe device driver. Tradition-
ally, the NVMe driver in the kernel manages the NVMe host
part of the protocol through the native driver available in the
operating system. The driver adheres to the NVMe proto-
col specification to carry out the initialization procedures,
which includes implementing the Admin queue pair and I/O
queue pairs used to submit the admin and I/O commands to
the NVMe device. Currently, the NVMe driver in the kernel

does not support the simultaneous establishment of NVMe
queue pairs on both the host and the GPU. As a result, the
GPU is unable to directly submit NVMe commands to NVMe
devices.

(3) Inefficiency of GPU page cache. Establishing a page
cache on a GPU file system can fully leverage the GPU’s
internal memory bandwidth, significantly surpassing PCle
bandwidth. However, modern GPUs do not support a public
documented privileged mode [45], meaning that page cache
can only be constructed within the GPU process, making it
difficult to share across GPUs. This results in memory redun-
dancy and increases synchronization issues. Moreover, the
page cache incorporates intricate control logic to ensure data
consistency. Implementing this same logic within GPUs may
lead to a reduction in GPU parallelism, compromising sys-
tem performance. Therefore, a GPU-specific system design is
crucial to maintaining optimal system performance.

(4) GPU programming complexity. To implement a GPU-
specific file system capable of sharing metadata with the host
file system, GPU programs must efficiently coordinate with
the host file system and NVMe device drivers on the host ker-
nel. To provide a POSIX-like interface for host programmers,
it is essential to abstract the differences among underlying
system processing units and ensure compatibility with the
existing well-established GPU programming models, which
needs developers to explicitly distinguish between host and
GPU code, as well as manage the movement of data between
the CPU memory and the GPU memory [28, 46]. This ap-
proach demands a considerable programming effort.

3 GeminiFS

To address these challenges, we present GeminiFS, a com-
panion File System for GPUs, which provides GPU programs
with direct access to disk space managed by the host file
system through file interfaces. The architecture overview of
GeminiFS is shown in Fig. 3.

3.1 CPU-Bypassing via Metadata Embedding

File systems achieve a wealth of functionalities based on
metadata. Typically, metadata comprises the following compo-
nents: inode, superblock, directories, index structure, journal,
etc. GeminiFS embeds the metadata of the host file system to
facilitate sharing this metadata between the CPU and GPU,
thereby enabling file system functionality within the GPU.

3.1.1 Selective Embedding of Metadata

Embedding all file system metadata directly within the files
and constructing a complete file system on the GPU are pro-
hibitively costly.

First, the kernel file systems on the host have exclusive
control over metadata management, primarily to uphold the
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security and integrity of the file system. Performing file op-
erations on GPUs is inherently intertwined with metadata
manipulations. For instance, appending data during writes
requires the allocation of index structures, whereas opening
and closing files involves updating access and modification
timestamps. To maintain coherence, metadata needs to be syn-
chronized between the CPU and GPU file systems. This runs
counter to our initial objective of bypassing the CPU. Fortu-
nately, our analysis in Section 2.1 reveals that GPU storage
I/O workloads possess a degree of predictability, permitting
us to obtain storage access information beforehand, guided
by the model settings. This advantageous feature allows us
to preemptively allocate a fixed-size file on the host for GPU-
accelerated applications, integrating only existing metadata
(e.g., access mode, file size, and index structure). We do not
need to allocate new metadata within the GPU’s file system
and synchronize it with the CPU’s file system.

Second, specific metadata related to file system manage-
ment is neither suitable nor necessary for implementation
on the GPU side. For instance, directories in a file system
are used to organize files. However, implementing them on
the GPU significantly increases programming complexity.
Furthermore, the primary programming languages for GPUs,
such as CUDA, involve applications where the source code is
a mixture of traditional C++ host code and GPU device func-
tions. From a developer’s perspective, it is straightforward to
obtain host file system information and directory details using
traditional C++. Therefore, we do not embed such metadata
for file system management; instead, we only embed private
metadata specific to each file.

Private metadata specific to each file encompasses the file
type, file size, I/O block size, data blocks, index structure, and
block bitmap. By leveraging the metadata, we can perform
operations like translating file virtual offsets to physical disk
offsets, managing file offsets, and assessing read/write ranges,
which pave the way for offering a read() and write() interface
to GPU programs. In addition, the metadata also includes
a dirty bitmap, which GeminiFS utilizes to support crash
consistency. The dirty bitmap NVMe offset in the metadata
points to a contiguous storage page, where each bit records
whether the corresponding file page has been written. After
the data is written, the dirty bitmap flag is updated, and the
bitmap will be flushed later.

3.1.2 Embedded Block Map

In current file systems, the index structure is typically a com-
plex data structure. For instance, in EXT4 [26], an extent tree
is employed to record the block mapping between logical and
physical blocks. Implementing the translation logic involves
intricate control logic and branch jumps. Nevertheless, the
control unit of a GPU is relatively simple and cannot effec-
tively handle advanced features, such as branch prediction
and out-of-order execution in complex programs [28]. Imple-

0 File Offset 64

[ m1 I m2__ | m3___ ]
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Figure 4: File with metadata embedding.

menting address translation on a GPU would require lots of
effort and would decrease the efficiency of GPU I/O. There-
fore, we implemented a kernel module, GVDK helper, on the
host. During file creation, this module obtains the physical
block offset corresponding to each logical block from the host
kernel and embeds it into the file. Although this results in
approximately a 0.2% capacity overhead (as a 4KB physical
block requires 8B to store the NVMe offset), it can enhance
GPU I/O performance.

3.1.3 File Organization

Based on the aforementioned design approaches, we propose
a file format tailored for GPU usage, named the GPU virtual
disk format (GVDK). Fig. 4 illustrates the organization of the
file format.

The GVDK is organized in units of blocks, each of which
is equivalent to the block size of the host file system (for
instance, 4K in the case of EXT4). A block is a unit in which
all allocations are done both for actual data and metadata. The
private metadata specific to each file is embedded within the
first block of the file. When the file is opened, these data will
be read out and cached in GPU memory.

GeminiFS uses a two-level structure to map file offset to
NVMe offset. They are called first-level mapping table (i.e.,
L1 table) and second-level mapping table(i.e., L2 table). The
L1 table has a variable size (stored in the header) and may use
multiple blocks. However, it must be contiguous in the file.
Each entry in the L1 table records an NVMe offset that points
to an L2 table, with each L2 table being exactly one block in
size. Similarly, each entry in the L2 table records an NVMe
offset that points to a data block. A file offset of GVDK m
is split into three parts, i.e., m = (ml,m2,m3), where m1 is
the index to the L1 table, which is used to locate the corre-
sponding entry in the L2 table; m?2 is the index to the L2 table,
which is used to locate the NVMe offset of the corresponding
data block; and m3 is the offset in the data cluster. To acceler-
ate the address lookup, when invoking an open() operation,
this mapping table will be cached into the GPU memory. For
system security, GeminiFS can adopt a simple method (sim-
ilar to CUDA lib) to provide users with only pre-compiled
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static/dynamic libraries and header files to conceal the details
of files. Furthermore, GeminiFS can perform integrity checks
on the metadata region to prevent malicious tampering of
the embedded metadata, thus protecting against unauthorized
access to other files on the disk.

3.2 CPU/GPU Shared NVMe Driver

GeminiFS requires the establishment of a storage device’s
control plane and data plane on both the CPU and GPU si-
multaneously. However, current operating system kernels or
device drivers do not possess such capabilities.

The NVMe protocol [54] establishes the commands for
communication between the host and SSD and how these
commands are executed. On a typical server, the CPU allo-
cates submission queues (SQ) and completion queues (CQ)
in host memory to transmit NVMe commands. The estab-
lishment of the NVMe device controller in the Linux kernel
includes the following processes: First, exactly one pair of
an admin submission queue (SQ) and its associated com-
pletion queue (CQ) is created, which is used to manage the
NVMe controller (e.g., creation and deletion of I/O submis-
sion and completion queues, aborting commands, etc.). Next,
the NVMe driver submits the admin commands to get the
capabilities and settings of the controller data structure. It
also submits the admin commands to indicate capabilities
and settings specific to a particular namespace. Finally, the
controller allocates an appropriate number of I/O queue pairs
and registers them using the admin command.

After this process, the NVMe driver registers the names-
pace with the block layer as host-managed block devices,
upon which the operating system can establish a file system.

Our insight is that the GPU does not need to manage the
entire NVMe device space; it only needs to correctly read
and write it on demand. Therefore, the GPU does not need to
implement the entire complex NVMe driver, which increases
programming complexity and makes the NVMe device exclu-
sive to the process. Establishing I/O queue pairs on the GPU
is only necessary, and providing a relatively simple I/O QP
driver can establish the control plane for NVMe 1/O.

Thus, we propose the CPU/GPU Shared NVMe Driver
(SNVMe), as illustrated in the lower half of Fig 3, enclosed
within the blue dashed box. Compared to the standard NVMe
host driver, SNVMe makes two major changes. First, we have
added a GPU buffer management module to the NVMe driver.
The main role of this module is to record the existing memory
allocation on GPUs, which are used to construct I/O queues.
This module also cooperates with the GPU driver, using the
nvidia_p2p_get_pages_persistent API to pin the I/O queue
memory pages allocated on the GPU and make the pages
underlying a range of GPU virtual memory accessible to a
third-party device. Then, it uses nvidia_p2p_dma_map_pages
to convert GPU virtual memory into DMA addresses, making
it visible to the NVMe device. Secondly, we have revised the

first and third steps of the initialization process for the stan-
dard NVMe subsystem, as defined by the NVMe specification
mentioned earlier. The corresponding changes for each stage
are detailed below:

(1) Before the first stage, we initially allocate memory for
the I/O queue in the GPU memory. The GPU buffer man-
agement module then translates the GPU virtual address into
a DMA address, making it visible to the NVMe device. By
leveraging the flexibility of the NVMe standard, we preset the
number of I/O queues and their depth, recording this informa-
tion in the GPU buffer management module. After completing
these steps, we start the first step of the standard process.

(2) In the third step, the controller also registers the I/O
queues that have been allocated in the GPU memory. These
queues do not require the use of host interrupts to complete
I/O operations; instead, they utilize GPU thread polling. In
GPU memory, we utilize the high-throughput I/O queues
driver proposed by BaM [39] to achieve efficient SQ com-
mand submission and CQ polling for GPU threads with high
parallelism.

3.3 GPU-Specific Page Cache

Compared with page cache on CPUs, constructing a page
cache on GPUs exhibits two primary distinctions:

Firstly, because GeminiFS can only run in non-privileged
mode on the GPU, page caches can only be allocated within
GPU processes’ memory space. This results in the redun-
dancy of page caches and subsequent wastage of GPU mem-
ory when multiple GPU processes open the same file. To
address this issue, we have designed a page cache manage-
ment module within the SNVMe on the host. This module
functions as follows: whenever a program opens a file and
establishes a page cache on the GPU, it checks whether the
corresponding page cache exists within the management mod-
ule. If not, it allocates the requisite memory on the GPU and
employs the host driver to establish a persistent mapping. Sub-
sequently, it retrieves an inter-process memory handle for the
existing device memory allocation and stores it within the
management module. When another process attempts to open
the same file, a pointer to the corresponding page cache can
be obtained via this memory handle. Current GPU drivers,
such as CUDA, already support this process; for instance,
culpcGetMemHandle exports existing device memory for use
in another process, and nvidia_p2p_get_pages_persistent can
pin GPU memory persistently.

Secondly, locks are essential to ensure mutually exclusive
access to the cache when modifying page mappings in the
page cache during file page swapping. Due to the GPU’s
higher level of parallelism, lock contention becomes more
severe than that on the CPU, which can lead to a significant
degradation in page cache performance. Thus, GeminiFS
employs the following two methods to mitigate this issue.

GeminiFS acquires pages at the warp level rather than the
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thread level, which helps reduce lock contention to a man-
ageable level. From a micro-architectural perspective, each
Streaming Multiprocessor (SM), which is the fundamental
component of GPUs, executes one instruction from a warp at a
time, and the number of SMs and warp schedulers determines
the maximum number of warps that can execute concurrently,
which in turn affects the intensity of lock contention. For
example, in the Ampere architecture [34], there are 108 SMs,
each with 4 warp schedulers. This means that even if there
are thousands of warps trying to acquire different pages, at
most 4 x 108 control flows will be competing for the page
cache lock at any given moment. Compared to the thread
contention at the level of thousands, this level of contention is
more reasonable, albeit it still exceeds the contention typically
observed in the CPU page cache.

To further reduce lock contention, a constant-time container
for insertion, deletion, and lookup operations can be employed.
First, a hash table is used to track the mapping between file
pages and memory pages, allowing for constant-time lookup
to determine whether a page is a cache hit. If cache misses, a
combination of a doubly linked list and a hash table is used to
manage pages with zero reference. This combination ensures
that insertion, deletion, and lookup operations are all constant-
time. If cache hits, it is first queried the page if it is in the
zero-reference set and then removed from this set in constant
time. If a page is released and becomes a zero-reference page
again, it is added to the end of the doubly linked list. By
doing so, pages that have not been referenced for a long time
will be gradually moved to the head of the doubly linked
list, becoming the coldest pages. This approach minimizes
the duration of critical sections when manipulating the page
cache, thus reducing lock contention.

Based on the above design, GeminiFS offers a GPU page
cache with a large tuning space. The page cache size and
page size can be flexibly set to adjust the contention inten-
sity of page cache locks. When the data locality of the warp
remains unchanged, increasing the page size can reduce the
number of pages involved by the warp, thereby decreasing the
frequency with which the warp accesses the page cache, and
consequently reducing page cache lock contention. The page
cache also includes a prefetching feature, which allows for
adjusting the number of prefetched pages. This enables a sin-
gle warp to issue a large number of NVMe commands to the
NVMe I/O queue while acquiring pages at warp granularity,
thereby maximizing NVMe bandwidth. The GPU page cache
with a large tuning space can help users achieve optimal per-
formance across different GPU models. Note that page cache
is part of the GPU user-space program, and thus leaving it up
to a setting will not introduce new security vulnerabilities.

3.4 GPU Programming Model

In this section, we present libGemini, a GPU-oriented pro-
gramming model within GeminiFS, which offers abstractions

Table 2: CPU-side and GPU-side APIs of GeminiFsS.

Type GeminiFS Interface
int Geminifs_init(char *dev_path,
char * GPU_ids, int Q_num)

host dev_fd G_open(char *path, uintl6 flag,
uint64_t cache_capacity, int page_size)
int G_close(dev_fd fd)
int G_read(dev_fd fd,
. void *buf, uint64_t offset, size_t nbyte)
device

int G_write(dev_fd fd,
void *buf, uint64_t offset, size_t nbyte)
int G_sync(dev_fd fd)

for both the underlying architecture and file system. From the
perspective of GPU programming, developers utilize a simple
interface to initialize GeminiFS, remaining oblivious to the
complexity of the underlying system components through-
out the system initialization process. There is no discernible
difference for developers when initiating file /O operations
within the GPU compared to those on the host, and it can be
accessed via a subset of POSIX-like file I/O APIs outlined
in Table 2. These APIs streamline the process of integrating
GeminiFS into existing frameworks, such as PyTorch’s Dat-
alLoader [37]. By merely setup GeminiFS at the initial stage
and replacing the host file system interface with GeminiFS’s
interface, the need for a host bounce buffer is eliminated.

libGemini does not provide the full set of POSIX seman-
tics, such as crash consistency. We leave the option of crash
consistency to the applications by providing the sync inter-
face to ensure that data and metadata are flushed to the disk
consistently. This is because of the following reasons. First,
as analyzed in Section 2.1, data is mostly read-only. Interme-
diate data offloaded to disk during training does not require
consistency guarantees. Second, all metadata within files is
managed by the application itself, and GPU read/write opera-
tions do not affect the metadata of the host file system.

In addition, libGemini does not implement a comprehen-
sive suite of POSIX I/O operations. We concur with the view-
point expressed in some works [41] that being fully POSIX-
compliant is not only costly but also unnecessary for most use
cases. The current read/write interfaces are sufficient to meet
the storage needs of GPU-accelerated applications. In this
section, We will present the GPU programming mode in the
context of system startup and the read/write process. Fig. 5
illustrates the corresponding diagram.

SNVMe Init: As illustrated in the first diagram of Fig. 5,
the developer initializes the system by calling Geminifs_init,
which serves as a CPU-side interface. This interface com-
prises three parameters: (i) dev_path, which represents the
NVMe device to be used (e.g., /dev/nvmeOnl); (i) GPU_ids,
which signifies an array of GPU device IDs for which I/O
queues need to be established; and (iii) the number of I/O
queue pairs to be created on each GPU device. After the de-
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Figure 5: The system diagram of performing file Read/Write on GPU using GeminiFS.

veloper calls Geminifs_init, the NVMe I/O queues will be
created on the GPUs, and subsequently, the system initializes
SNVMe per the method described in Section 3.2.

File Open: The GeminiFS offers a CPU-side interface
called G_Opend. It returns a POSIX-like file descriptor that
GPU-side programs can utilize. Compared to the standard
open interface, this interface abstracts the complex logic re-
quired by GeminiFS, such as creating specifically formatted
files and establishing page caches. The process is illustrated
in Fig. 5(2)(3).

This interface uses four input parameters, namely, path, flag,
cache_capacity, and page_size. The path parameter denotes
the address of a specific path on the host. It is noteworthy
that G_open is solely capable of opening GeminiFS files.
The flag parameter, similar to its counterpart in the standard
open function, must include one of the access modes listed
below: O_RDONLY, O_WRONLY, or O_RDWR. If the spec-
ified path does not exist, the flag must additionally include
O_CREAT, prompting G_Open to generate the file in accor-
dance with the format detailed in Section 3.1. In addition,
the flag should encompass O_DIRECT to indicate whether
the page cache should be employed. After the completion of
the aforementioned procedures, GeminiFS proceeds to store
the pertinent metadata of the file in the GPU’s memory and
provides the address of this metadata cache. This address is
abstracted as dev_fd. The subsequent read/write operations
can leverage dev_fd to access the necessary metadata.

File Read/Write: The GeminiFS offers two GPU-side in-
terfaces for data transfer, namely G_read and G_write. Both
of these functions encompass four parameters identical to
the standard pread/pwrite: dev_fd, buf, offset, and nbyte. Ini-
tially, the interfaces locate the metadata of the file to be read
from or written to based on dev_fd. They begin by assess-
ing the access mode, checking whether the offset and nbytes
fall within the file’s boundaries. If the request is valid, they
convert the virtual address (vaddr) using the transformation
method described in Section 3.1, transforming the file offset
into an NVMe offset. Subsequently, they invoke the NVMe
I/0O queue driver on the GPU side to generate an NVMe re-
quest, which is then submitted to the CQ. Following this,
they determine the completion status of the read/write request

based on the results obtained by polling the CQ and return
the number of bytes transferred.

File Sync: Based on the analysis in Section 2.1, during the
generation of Model weights and KV-cache in GPU work-
loads, write operations occur. These involve modifications
to both internal file metadata and data blocks. To mitigate
the risk of data loss or file corruption, GeminiFS provides a
GPU-side G_sync mechanism to ensure that the modified file
system metadata and cached file data are written to the file,
guaranteeing data persistence.

File Close: To ensure the encapsulation of operations, Gem-
iniFS offers a CPU-side G_sync interface function. This func-
tion locates the metadata and the page cache of the file within
the GPU based on dev_fd. After ensuring that the modified
data has been written to disk, it releases these GPU memory
resources.

4 Evaluation

In this section, we seek to answer the following questions:

* What is the performance advantage of GeminiFS compared
to the state-of-the-art solutions (§4.1)?

* How to maximize the performance of GeminiFS on GPU
Architectures (§4.2)?

* How does GeminiFS benefit real-world applications (§4.3)?

System settings. We have implemented GeminiFS for re-
cently released GPUs, where about 2000 line-of-code (LoC)
is for the shared NVMe kernel module, and about 3000 LoC
for LibGemini. All experiments are conducted on a 64-core
Intel Xeon 54168 server equipped with 512 GB of memory,
running Ubuntu 20.04 and Linux kernel 5.15.0. The server
was equipped with a GPU with 80GB HBM [33]. The GPU’s
HBM bandwidth peaks at 1,935GB/s, and it interconnected
with the host via PCle Gen4 x16, offering a bandwidth of
64GB/s. The NVMe device is an Intel Optane 5800X [8] with
an EXT4 file system mounted on it. The NVMe controller
of this device supports the establishment of up to 135 pairs
of I/O QPs. We allocate 64 QPs on the host and 32 QPs on
the GPU. The allocation of 32 QPs is sufficient for GPU to
maximize the bandwidth of the disk [39]. The block size of
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Figure 6: Comparison of 4K read I/O bandwidth of GeminiFS
with GPUfs, GDS and BaM at various levels of parallelism.

the EXT4 file system on the host and that of GeminiFS on the
GPU are both 4k. Note that EXT4 cannot handle cases where
the block size exceeds the system page size.

Baselines. We compare GeminiFS with state-of-the-art
GPU storage solutions. (a): GPUfs [44], CPU-centric solution
using the accelerator-centric model. For GPUfs, we allocate
four CPU threads to handle incoming requests from the GPU,
a configuration capable of saturating the physical disk’s ca-
pacity [57]. (b): NVIDIA GDS [35], CPU-centric solution
using CPU code for data orchestration. For GDS, we use the
cufile API provided by NVIDIA to create CPU threads for
data transfer. (c¢): BaM [39] is a GPU-centric solution without
file system support. We employ a non-file-system interface to
transfer data from NVMe raw devices to GPU memory.

4.1 Comparison with the SOTA Solutions

To investigate the architectural advantages of GeminiFS, we
initially compare its read performance, operating with a 4K
granularity, across various levels of parallelism, with that of
GPUfs, GDS, and BaM. To eliminate the impact of caching
on performance, our tests in this section specifically bypassed
the caching mechanism of GeminiFS. For GPUfs, we reduced
its GPU cache size to 256MB and opened host files using
O_direct mode.

Bandwidth. Fig. 6 shows the bandwidth performance of
various solutions employing a 4KB granularity across diverse
levels of parallelism. Compared to GPUfs, GeminiFS exhibits
higher bandwidth across all numbers of GPU threads, averag-
ing 7.33x the bandwidth of GPUfs. When the thread number
reaches 1,024, GeminiFS reaches the NVMe bandwidth peak.
Although GPUfs can also initiate I/O requests within the GPU
program, exploiting the high parallelism within the GPU to en-
hance request concurrency, the limited number of cores on the
host CPU leads to performance degradation due to contention
when processing GPU 1I/O requests. GeminiFS bypasses the
CPU, allowing the GPU kernel to directly submit requests to
NVMe I/O queues. Additionally, GeminiFS incorporates the
high-throughput I/O queues design on the GPU side, proposed

I GPUfs[I] GDS[ | BaMIl Geminifs
4000 {400 |

1 4 8 16 32 64 128 256 512 1024
Number of threads

Figure 7: Comparison of 4K read I/O average latency of
GeminiFS with GPUfs, GDS and BaM at various levels of
parallelism.

by BaM [39], which enhances the parallelism of GPU thread
request submissions and reduces contention for I/O queues, re-
sulting in improved overall performance. GDS demonstrates
a bandwidth that is approximately 57% higher than that of the
GeminiFS system only when the thread count ranges from 1 to
16. This advantage stems from GDS’s utilization of the CPU
to orchestrate data transfers. With its CPU core frequency
reaching 4GHz, which surpasses the 1GHz of the GPU core
(as mentioned in [48]), GDS ensures superior performance
for its software stack. However, as the GPU thread count in-
creases to 128 to 512, the bandwidth of the GeminiFS system
reaches 6.2 times that of GDS. This is attributed to the GPU’s
ultra-high physical parallelism, which allows the file system
to fully leverage the maximum bandwidth of the disk even
at a small 4K granularity. In contrast, GDS fails to deliver
sufficient parallelism at lower thread counts to fully saturate
the NVMe read bandwidth. Conversely, higher thread counts
lead to thread contention, resulting in a decline in perfor-
mance [51]. Compared to BaM, GeminiFS exhibits a slightly
lower bandwidth by 4.6% across various levels of parallelism.
This is because, unlike BaM, which utilizes NVMe devices
in a raw device manner, GeminiFS accesses files through its
read/write interfaces. These interfaces incur overhead due to
metadata parsing and address translation.

Latency. Fig. 7 shows the average latency of 4K sequen-
tial read. Compared to GPUfs, GeminiFS achieves a latency
reduction of (79.6% - - 90.9%) under different number of
threads. This is because GPUfs demands significant mem-
ory on both the GPU and CPU for I/O request transmission.
This also prolongs both the control plane and data plane and
leads to a high I/O latency. GeminiFS eliminates the overhead
incurred by GPU-to-GPU communication and the software
stack cost on the host. Compared to GDS, when the number
of threads ranges from 1 to 8, the latency of GeminiFS is
57.2% higher than that of GDS. However, as the number of
threads increases, the latency of GeminiFS does not rise as
rapidly as that of GDS. Specifically, when the thread count
reaches 1,024, the latency of GeminiFS is only 17% of GDS.
This advantage is attributed to the high parallelism within
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the GPU, which prevents performance degradation due to
thread contention for CPU cores, unlike in the case of GDS.
Finally, compared to BaM, the latency of GeminiFS has only
increased by approximately 4.8%.

4.2 Performance of Page Cache

GeminiFS provides a configurable page cache to leverage
the GPU’s internal bandwidth fully. We use the simple mi-
crobenchmark below to examine the essential performance
of the page cache and its sensitivity to several key configura-
tion parameters. The microbenchmark sequentially reads data
from a single 20 GB file in the GPU kernel via GeminiFS.
To prevent NVMe bandwidth from becoming a bottleneck in
the system, we conducted tests using memory replication as a
substitute for accessing NVMe devices.

Prefetch. Firstly, We evaluated the impact of prefetch on
page cache performance. In this experiment, we set the page
size to 64KB and the page cache size to 1GB. The prefetch
strategy employed is straightforward: the page cache would
prefetch multiple pages into memory upon each cache miss.
This strategy caters to the demands of sequential read and
write workloads. Fig.8 compares page cache performance
with and without prefetch enabled. Before enabling prefetch,
the read and write bandwidth of the page cache were only
30.2% and 28% of the theoretical bandwidth, respectively.
After enabling prefetch, regardless of the number of memory
pages prefetched, the read and write performance of the page
cache approximately improved by 2.4x and 2.34 x, respec-
tively, nearly reaching the maximum bandwidth.

Number of Warps. GeminiFS acquires the pages in page
cache at the warp level and employs a constant-time container
for insertion, deletion, and lookup operations to reduce lock
contention. To validate the effectiveness of this strategy, we
utilized the G_Read/G_Write interfaces for reading and writ-
ing page cache, assigning 32 threads to each warp. Then, we
adjusted the number of warps to evaluate the performance of
the page cache under various conditions. The results are illus-
trated in Fig. 9. As depicted in the figure, the write bandwidth
steadily increases from approximately 1.7 GB/s to roughly
641.2 GB/s, while the read bandwidth rises from about 2.3
GB/s to nearly 658.1 GB/s. The bandwidth growth follows a
multiplicative trend, ultimately peaking at around 650 GB/s.
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Figure 9: Contribution of different number of warps to the
page cahe performance. The peak bandwidth provided by the
page cache in GeminiFS exceeds 640 GBps.
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This observed trend demonstrates the effectiveness of our
strategy in reducing lock contention within the page cache.
Currently, a single NVMe device can provide a maximum
bandwidth of 7GB/s. This implies that it would require close
to 100 NVMe drives to saturate the bandwidth of the page
cache, making it highly unlikely for the page cache to become
a bottleneck in system performance.

Page size. We also conducted evaluations to assess the
performance of the page cache for various page sizes. With
a warp count of 128, based on the experimental results from
the previous section, the maximum memory bandwidth for
kernel memcopy is approximately 120GB/s. The page cache
comprises 4,096 pages, and prefetching is enabled to enhance
performance further. Fig. 10 shows read bandwidth for dif-
ferent page sizes. As the page size increased from 4KB to
1,024KB, the write bandwidth notably rose from approxi-
mately 45.8 GB/s to 120.1 GB/s, while the read bandwidth
also climbed from around 48.4 GB/s to 121.4 GB/s. With
1,024KB page size, both the read and write bandwidths ap-
proached the theoretical limits. Based on the experimental
results, it is evident that larger page sizes are more effective
in achieving the peak bandwidth of the page cache.
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Type File Size Access Mode
Model Weights | 238MB Read & Write
Checkpoint 713MB/Step | Append-only seq. write
Activation 57.96GB Read & Write

Table 3: Storage access in GPT2-124M training.
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Figure 11: Comparison of GPT2-124M training performance
between GeminiFS, GDS, DLRover-RM and a native way
(memcopy + read/write). (a) Maintain the activation on HBM;
(b) Offload the activation.

4.3 Performance Benefit for LLM training

We compared the performance of several existing GPU stor-
age solutions, including native (memcopy + read/write),
DLRover-RM [52], GDS, and GeminiFS, in offloading data
generated during LLM training. DLRover-RM provides a fast
checkpoint mechanism that accelerates the process by per-
forming asynchronous data persistence. The size of the Gemi-
niFS page cache is set to 2GB. We conducted training using
the GPT2-124M model [18], which is a large transformer-
based language model with 1.5 billion parameters. During
our training process, we used a batch size of 64. We run the
training in only three steps, with each step including one for-
ward pass and one backward pass. The model weights were
also updated, and a checkpoint was recorded after each step.
This is sufficient for studying storage access optimization, as
the computation and storage access patterns remain almost
consistent in each step of LLM training. The characteristic of
storage access is shown in Table 3.

We compared two training models, one that keeps activa-
tions in memory during the training process and another that
offloads activations to storage during training, to evaluate
the benefits of the system in different scenarios. Fig. 11(a)
presents the system runtime using different schemes in the
first training mode and a thorough time-slicing analysis. The
system runtime of GeminiFS has decreased by 25%, 12%
and 10% compared to native, DLRover-RM and GDS, respec-
tively. In this training mode, computation time accounts for
the majority of the total system runtime, and the main contri-
bution of optimization comes from GeminiFS’s optimization
of checkpoint I/O. Specifically, the checkpoint write time has
been reduced by 85%, 75% and 59% compared to others. This
is because, on one hand, GeminiFS completely bypasses the

CPU to reduce communication overhead. On the other hand,
the ultra-high bandwidth of page cache also improves system
throughput.

Fig. 11(b) presents the experimental results under the condi-
tion of unloading activations. GeminiFS significantly reduces
the training time, decreasing 94.5% and 91% compared to
native and GDS, respectively. Under this workload, the un-
loading of activations accounts for the majority of the training
time, including a large amount of small I/Os, preventing the
effective utilization of system bandwidth. In CPU-centric
solutions, GeminiFS mitigates the frequent communication
overhead between the GPU and the CPU. Furthermore, the
high-bandwidth page cache enables full utilization of system
bandwidth. Moreover, compared to keeping all activations in
GPU memory, the training time only increases by about 4 x.
Theoretically, by integrating multiple NVMe devices into the
system, similar performance to a DRAM-only setup can be
achieved.

5 Conclusion and Future Work

This paper presents a companion file system (GeminiFS) for
GPUs. GeminiFS realizes metadata synchronization between
the host and GPU file systems by embedding metadata into
the file and extends the existing NVMe driver to allow the
CPU and the GPU to set up control planes in parallel. These
enable GPU-centric storage solutions to direct access to disk
space managed by the host file system through a file interface.
GeminiFS shortens the control and data planes of the GPU
storage and improves file system performance by leveraging
the architectural advantages of the GPU. Its coexistence with
the host file system better satisfies the storage access demands
of ML applications.

GeminiFS will completely support multi-GPUs. Our
roadmap is as follows. We will first enable parallel reads
and writes by splitting files logically. Next, we aggregate
multiple NVMe devices using RAID to meet the bandwidth
requirements of multiple GPUs. For unpredictable workloads,
GeminiFS will adopt file pre-allocation [21] that allocates
pre-allocated file slots before running the system, and batch-
allocate files to fill these slots based on actual usage during
runtime. Besides, We will integrate GeminiFS into the Py-
Torch framework so that state-of-the-art solutions, such as
vLLM, will benefit from it.
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