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Abstract

As we shift from CPU-centric computing to GPU-accelerated
computing for supporting intelligent data processing at scale,
the storage bottleneck has been exacerbated. To bypass the
host CPU and alleviate unnecessary datamovements,modern
GPUs enable direct storage access to SSDs (i.e., GPUDirect
Storage). However, current GPUDirect Storage solutions still
rely on the host �le system to manage the storage device,
direct storage accesses are still bottlenecked by the host.
In this paper, we develop aGPU-orchestrated file system

(GoFS) for scaling the direct storage accesses for GPU pro-
grams, by fully o�oading the storage management to the
GPU. AsGoFS provides POSIX API and manages core �lesys-
tem structures in GPUmemory, it can execute both control
path and data path without host CPU involvement. To en-
able highly concurrent direct storage accesses, we rethink
the design and implementation of core �lesystem structures
with various optimization techniques, such as scalable data
indexing, �ne-grained per-SM (streaming multiprocessor)
block management, and zero-copy I/O accesses, by carefully
exploring the GPU-accelerated computing paradigm.GoFS
preserves the essential �lesystem properties such as crash
consistency, and it is compatible with existing host-based
�le systems like F2FS.GoFS does not require changes to the
on-disk �lesystem organization, therefore, the host and GPU
can manage the SSD in a coordinated fashion, and maintain
the data consistency in a primary/secondary mode. We im-
plementGoFS based on F2FS using 7.9K lines of codes with
CUDA programming.We examine its e�ciency on an A100
GPU. Our experiments with various GPU-based applications
show thatGoFS outperforms state-of-the-art storage access
solutions for GPUs by 1.61× on average.
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1 Introduction

As we utilize GPU-accelerated computing for intelligent data
processing of large-scale datasets [11, 22, 26, 28, 29, 45, 57, 63],
the storagebottleneck is exacerbated. For instance, prior study
of using GPUs to execute intelligent queries [43] and graph
analytics [58] against datasets on solid-state drives (SSDs)
showed that the storage I/O took a signi�cant amount of the
total execution time. This is because they still rely on the host
CPU to access data on the SSDs, although the data loading
via storage I/O has been pipelined with the data transfers
between the host memory and GPUmemory.

Tobypass thehostCPUandalleviate extra datamovements,
hardware accelerators like GPUs support peer-to-peer (P2P)
communication with storage devices [4, 21, 58, 76]. A typical
example is NVIDIA’s GPUDirect Storage (GDS) [21], which
programs the GPU memory to the Base Address Register
(BAR) of the PCIe. With PCIe memory-mapped I/O (MMIO),
the memory requests can be directly issued to the PCIe end-
point devices like SSDs. GDS o�ers a promising approach for
enabling theGPU to directly communicatewith SSDswithout
host CPU involvements. However, since the SSD is still man-
aged by the host �le systems, existing solutions likeNVIDIA’s
cuFile [56] and GPUfs [62] have to rely on the host CPU to
manage the control path and even the data path when inter-
acting with the SSD, resulting in suboptimal performance.
To bypass the host CPU, BaM [58] allows GPU to initiate

direct access to the raw disk at the sacri�ce of dropping ex-
isting storage software stack, and enforces applications to
manage the storage devices on their own, which inevitably
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introduces burden to application developers. As we enable
GPUs to directly access storage for high performance, we still
need generic and scalable software to manage the storage
device. Similar to any other types of persistent storage device,
the �le system is still the best �t for managing GPUDirect
storage, because of its well-developed properties ofmanaging
persistent datablocks.However, simply relyingon thehost for
GPUDirect storage management causes severe performance
overhead and scalability issues (see our evaluation in §4).
Most recently, GeminiFS [57] developed an application-

speci�c solution by preloading �le metadata from the host
�le system into GPUmemory to accelerate �le metadata ac-
cesses, with the assumption that GPU applications have pre-
dictable storage I/O access patterns and most of their on-disk
data is read-only. However, this approach is not always ef-
fective, as many GPU-accelerated applications such as intel-
ligent queries [22, 24, 42, 72], generic graph computing [6],
graphneural network (GNN) training [23, 33], andLLM-based
retrieval-augmented generation (RAG) [19, 38], do not always
generate predictable storage accesses, and their �le metadata
could be signi�cant large (tens of GBs), especially in com-
parison with precious GPU memory. And they may incur
new writes (e.g., intermediate data) during their workload
execution. Therefore, to support diverse GPU-accelerated ap-
plications, it is highly desirable to develop a generic solution
for managing scalable direct storage accesses for GPUs.

To this end, we developGoFS, a GPU-orchestrated �le sys-
temwithdirect storage access.GoFSprovidesPOSIXAPIs and
manages core �lesystem structures (e.g., inode/dentry, block
management, and data pointers) in GPUmemory, such that
we can execute both control path and data path on the GPU. It
enableson-demanddirect access toon-diskmetadataanddata,
avoidingunnecessarymetadata/data caching inGPUmemory.
GoFS is compatiblewith existing host �le systems like F2FS. It
does not require changes to the on-disk �le organization. The
host and GPU can manage the SSD in a coordinated fashion
and maintain data consistency in a primary/secondary mode.
Developing GoFS is not easy. This is for three major rea-

sons. First, unlike conventional multi-core CPU architecture,
modern GPUs o�er massive parallelism with more than a
hundred SMs (Figure 1). We have to explicitly consider the
hierarchy of GPU threads in the design for alleviating the
scalability bottlenecks in core �lesystem data structures. Sec-
ond, following the single-instruction-multiple-data (SIMD)
computing paradigm, the programming model on the GPU is
unique, which requires explicit parallelization in the program.
Third, there are limitedutility andhelper libraries onGPUs for
developing system software. Given these reasons, the drop-
in replacement approach for migrating existing scalability
optimizations in host-based �le systems [8, 13, 74] cannot be
directly employed in the development of GoFS.

InGoFS, we rethink the design and implementation of core
�lesystem structures for GPUs, and develop various optimiza-
tion techniques for scaling their concurrent accesses. They
involve both metadata (§3.3) and data I/Omanagement (§3.4).
Scalablemetadatamanagement.We scale the inode/den-
try accesses by replacing the conventional mutex lock with
a range lock customized for GPUs to alleviate the high con-
tention between storage access requests.We parallelize range
checkswithGPU’swarp-level reduction primitives to achieve
better performance (from$ (;>6(=)) to near-$ (1)) than con-
ventional range lock management in conjunction with inter-
val trees [34].GoFS also introduces the batched inode (bnode)
to track a collection of opened �les under the same direc-
tory for enabling batched �le operations. This greatly reduces
metadata management overhead by coalescing metadata op-
erations for thousands of GPU cores. To scale the block allo-
cation on GPUs,GoFS develops per-SM bitmaps to track oc-
cupied and free blocks, and coalesces the block allocations of
all threads of a thread block into a single allocation. This elim-
inates the need to track per-core structures [40] proposed for
scaling CPU-centric �le systems, alleviates the allocation con-
tention, and minimizes the metadata management overheads.

Similar to existing �le systems,GoFS uses a tree-like struc-
ture to index data blocks in �les (i.e., data pointers), but it
develops a level-synchronous parallelism scheme that consists
of a two-stage (metadata and data) procedure to scale the
traversal of data pointers. At the metadata traversal stage,
all nodes (data pointers) at the same level in the tree will be
processed in parallel to �nd the nodes at the next level. After
that, at the data traversal stage,GoFS fetches all data blocks
in parallel to best utilize the SSD bandwidth.
Scalable data I/Omanagement.GoFSmaintains multiple
NVMe queues in the GPU memory to serve parallel I/O re-
quests frommultiple SMs. It enables zero-copy data access by
directly transferringdata fromtheSSDto theuser’sdatabu�er
via DMAwithout maintaining a complicated page cache, by
considering the characteristics (e.g., stream and batch pro-
cessing) of GPU applications. It will automatically scale the
number of I/O threads based on I/O request size with CUDA
dynamic parallelism, and provide both synchronous and asyn-
chronous modes to GPU programs. This simpli�es the user’s
e�ort to manage parallel I/O, while allowingGoFS to maxi-
mize the I/O throughput with massive parallelism on GPUs.
We preserve the essential �lesystem properties such as

crash consistency (§3.5) in GoFS. As GoFS allows both the
host and GPU to access the on-disk �le system, it maintains
the data consistency in a primary/secondary mode by run-
ningGoFS daemon on the GPU side as the primary, andGoFS
client on the host as the secondary. This is reasonable, as
GoFS is designed for GPU applications that prefer minimum
host involvement for performance. When GoFS daemon is
not running, the host client can use the host-based �le system
like F2FS to manage and access the SSD.WhenGoFS daemon
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is active, the host client will sync the �lesystem operations
with the GPU-side daemon to maintain data consistency.

We leverage the GPU virtual memory to enforce the mem-
ory protection between the �le system (GoFS daemon) and
regular GPU applications.GoFS ful�lls the �le access control
by using the host GoFS client to generate a unique and un-
forgeable identi�cation (signature) for each user process with
a cryptographic algorithm (see detailed procedure in §3.6).
Therefore, when a user process initiates �le accesses,GoFS
daemon will validate its signature for access control.

We implementGoFS daemon using 5.5K lines of code with
CUDA programming. We use the popular log-structured �le
systemF2FS to format the SSDandmanage the on-disk blocks.
We implementGoFS client with 0.8K lines of C/C++ program-
ming code based on FUSE [70] to intercept all the �lesystem
calls at the host side. We examine the e�ciency of GoFS on
a server consisting of an A100 GPUwith GPUDirect storage
enabled, a 16-core Intel Xeon processor, and multiple 2TB
Samsung 990 Pro SSDs. We conduct the experiments with a
variety of GPU-accelerated applications that include graph
analytics, deep learning-based queries for vision, text, and au-
dio data, GNN, and LLM-based RAG system. Our experiments
show thatGoFS outperforms state-of-the-art storage access
solutions for GPUs by 1.61× on average. It also scales well as
we increase the number of SSDs. In summary, we make the
following contributions in the paper.

• We develop a GPU-orchestrated �le system for scaling the
direct storage accesses for GPU programs.

• We rethink the design and implementation ofmetadata and
data I/O management in �le systems for GPU-accelerated
computing, and develop a set of optimization techniques.

• We enable the host and GPU to manage the shared SSD in
a coordinated fashion, while ensuring data consistency by
runningGoFS in a primary/secondary mode.

• We implement an end-to-end system prototype of GoFS
based on F2FS, and demonstrate its e�ciency using diverse
workloads on a real GPUwith GPUDirect storage enabled.

2 Background andMotivation

In this section,wedescribe the technicalbackgroundofGPUDi-
rect storage. And then, we discuss its system support.

2.1 GPUDirect Storage

To feeddata to theGPU for computation, the defaultmethod is
to use the host CPU to �rst read data from the disk to the host
memory, and then use cudaMemcpy to move data to the GPU.
However, the redundant data copy not only causes perfor-
mance overhead but also wastes precious CPU cycles [21, 58].
To relieve the host CPU of the costly data transfer, modern
GPUsandNVMeSSDs supportGPUDirect Storage (GDS) [66],
which allows direct PCIe peer-to-peer (P2P) communication
between aGPU and an SSD by exposing theGPU devicemem-
ory to the PCIe Base Address Register (BAR) region. With

PCIememory-mapped I/O (MMIO), thememory requests can
be directly issued to the PCIe end-point devices like SSDs.

To provide system software support for GDS, existing sys-
temsmainly rely on twomethods. In the �rstmethod, the host
CPU still handles all �le system operations, such as index-
ing the data blocks. When programming the DMA engine on
the SSD, the source/destination address is set to be the GPU
device memory rather than the host memory. Thus, the data
is directly copied between GPU and SSDwithout involving
the host memory. A typical example is the NVIDIA cuFile li-
brary [66]. Since thehostCPUstillneeds tomanage the�le sys-
tem, it inevitably becomes a scalability bottleneck. In the sec-
ond method, the NVMe queues are mapped in the GPUmem-
ory, which allows the GPU threads to directly issue NVMe
commands to the SSD. An example is BaM [58], which com-
pletely removes the host CPU involvement in accessing the
SSD. However, the GPU programmust explicitly manage the
SSD by itself as a raw block device. Themost recent study [57]
proposed to take advantageof bothmethodsbypreloading�le
metadata from the host to GPUmemory beforehand and rely-
ing onBaM for direct storage accesses. It has fundamental lim-
itations due to its strong assumption onGPUapplications (i.e.,
predictable I/O pattern and read-only), and this assumption
does not always hold in reality (see Table 1). As we accelerate
more diverse applicationswithGPUs, it is essential to develop
a generic approach for managing direct storage accesses.

2.2 GPUArchitecture and ExecutionModel

Figure 1 shows the GPU architecture. Without loss of gener-
ality, we use NVIDIA CUDA terminology. A GPU consists of
many streamingmultiprocessors (SMs). Each SMhasmultiple
SIMD units (CUDA cores), a private L1 cache, and a software-
managed scratchpad memory called shared memory. All SMs
share a global L2 cache and the o�-chip DRAMmemory.
The GPU uses a hierarchical thread execution model. A

thread is the smallest unit of sequential execution. Threads
are organized into warps (typically 32 threads/warp) to align
with the width of the hardware SIMD units. All threads in a
warp execute in lock-step.Multiplewarps forma thread block,
which is a group of threads executing on the same SM. Mul-
tiple thread blocks form a GPU program (also called a kernel).
To synchronize among threads, the programmer can leverage
atomic operations and memory fences at di�erent scopes,
such as local synchronizationwithin a warp or a thread block,
or global synchronization across thread blocks.

2.3 Challenges with System Support for GDS

Due to the unique execution model of GPU, building soft-
ware for GPUs is much more challenging than for multi-core
CPUs. First, wemust explicitly consider the hierarchy of GPU
threads (i.e.,warp, threadblock, andkernel) to achieve thebest
performance.Wecannot simplyport a�le systemdesigned for
a multi-core CPU to a GPU, because the �lesystem data struc-
tures and concurrencymechanisms designed for the CPUwill
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Figure 1.Modern GPU architecture and its execution model.

not �t on the GPU. Second, the programmingmodel of a GPU
thread resembles a bare-metal CPU core. There is no underly-
ing OS support, such asmemorymanagement (e.g., kmalloc).
As the GPU programming model follows SIMD computing
paradigm, it requires explicit parallelization in the program.
Third, there are limited utility and helper libraries on GPUs
for developing system software. Most existing GPU libraries
focus on high-performance computing and machine learn-
ing, such as graph and linear algebra algorithms. However,
developing system software requires a completely di�erent
set of tools, such as timers, customized data structures, and
synchronization primitives. As we developGoFS, we expect
its practice will facilitate the development of these utilities.

3 Design and Implementation

In this paper, we developGoFS, a GPU-orchestrated �le sys-
tem for managing scalable direct storage accesses.

3.1 Design Goals of GoFS

• Scalability.GoFS should exploit massive parallelism on the
GPU to scale both metadata and data I/O management,
while enabling scalable direct storage accesses.

• Programmability.GoFS should provide an easy-to-use inter-
face for GPU programs.GoFS supports POSIX API, which
are compatible with the API provided by most other �le
systems and libraries such as cuFile [66].

• Data consistency.GoFS needs to maintain data consistency
between CPU and GPU, such that the host can also access
the �le system to manage the data on the storage device.

• Protection.GoFS needs to provide protection mechanisms
for enforcing the isolation between a GPU program and the
�le system. It should also enforce �le access controls when
multiple GPU applications share the storage.

3.2 SystemOverview

We design GoFS as a log-structured �le system. It uses the
same on-disk format as F2FS [37] – a popular �le system op-
timized for �ash-based SSDs. We choose to build upon F2FS
to provide the compatibility with existing systems and hence-
forth minimize the development e�orts. We show the system

GPUCPU

SSD

GPU 
Application

GoFS DaemonCPU Application

NVMe Driver

FS Metadata

...
F2FS

Host GoFS
Client

VFS
OS Kernel

libnvm

sq cq

NVMe Queues
User Buffer

libgofs

...

FUSE

Userspace

Figure 2. System architecture of GoFS.

architecture of GoFS in Figure 2.GoFS consists of a host-side
client, a GPU-side daemon, and the libgofs library.
The GPU-side daemon in GoFSmanages the in-memory

�lesystemmetadata. We carefully examine all critical �lesys-
tem data structures and make them “GPU-friendly” by con-
sidering the bulk-synchronous parallel computing paradigm
of GPU (§3.3). The daemonmaintains the NVMe queues and
performs data I/O accesses. GoFS exploits the massive par-
allelism of GPU to maximize the storage I/O throughput. It
also enables zero-copy I/O access by directly transferring data
into the user-provided bu�er via DMA (§3.4).
The host applications can accessGoFS via the host client,

which uses FUSE [70] to intercept all �lesystem calls. When
the GPU-side daemon is not running, the host client uses the
unmodi�ed F2FS stack to manage and access the SSD.When
the GPU-side daemon is active, the host-side client and GPU-
side daemonwill work in a primary/secondarymode tomain-
tain data consistency. The host client will sync the �lesystem
operationswith theGPU-sidedaemon.GoFSensuresdata con-
sistency and crash consistency (§3.5).GoFS provides data pro-
tection and�le access control. TheGoFSdaemon runs in a sep-
arate process, which prevents the applications from corrupt-
ing the in-memory data structures. To enforce �le access con-
trols, the daemon uses cryptographic signatures to verify user
identities (§3.6). We will show the work�ow of GoFS in §3.7.

3.3 FilesystemMetadataManagement in GPU

We rethink the design and implementation of in-memory
metadata structures of log-structured �le systems with var-
ious optimization techniques, such as scalable accesses to
inode/dentry, scalable data block management with block
bitmaps, and parallel traversal of data pointers by carefully
exploring theGPU-accelerated computing paradigm.Weelab-
orate each of them as follows.
Scalable accesses to inode.An inode stores the basic infor-
mation of a �le, such as �le size, data location, access rights,
and modi�ed time. Traditional Linux �le systems use a mu-
tex lock or R/W semaphore on the entire inode to serialize
concurrent access requests to a single �le. However, to best
exploit the data parallelism of GPU workloads, GoFS splits
data access to a single large �le across GPU threads (see §3.4
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Figure 3. Inode design with a range lock inGoFS.

for details). Thus, a coarse-grained lock on the entire inode
will incur high contention between threads even if they do
not access overlapped data regions (see Figure 3 left).
GoFS replaces the inode mutex with a range lock for �ne-

grainedconcurrencycontrolbasedonaccessed I/Oranges (see
Figure 3 right). The range lock is structured as a ring bu�er.
Each slot in the ring bu�er can hold an I/O request range,
including the I/O state (1B), �le o�set (8B), and access size (8B).
Wechoose the ringbu�er, since it allowsus toparallelize range
checks with GPU’s warp-level reduction primitives [41].
GoFS acquires a single range lock for all threads in the

same thread block, since GPU applications typically orga-
nize threads with spatial data locality into the same thread
block. GoFS acquires the lock by appending the new range
into the ring bu�er and performing a con�ict check against
previous slots. The con�ict check is parallelizedwithin awarp
usingwarp reduction primitives, and it incurs negligible over-
head compared to the end-to-end latency of an I/O request.
Upon access range con�ict, the newer request must wait by
polling the I/O state �eld of the con�icting range. For threads
in the same thread block,GoFS guarantees non-overlapping
data access within a �le system operation by partitioning
the large request across all threads and performing barrier
synchronizations to avoid any lock contention. To prevent
starvation, where a lock request with a large range is blocked
by subsequent lock requests in smaller overlapping ranges,
we guarantee a newer lock acquisitionwill not succeed earlier
than a previous request within an overlapping range.
Unlike range lock management in conjunction with inter-

val trees [34], which has an optimal$ (;>6(=)) complexity for
the range con�ict check for each single CPU thread, GoFS
parallelizes checking the ranges and achieves e�ectively near-
$ (1) complexity with fast warp-level reduction primitives.
Scalable accesses to dentry. GoFS implements a dentry
cache on the GPU to speed up the path resolution process.
Similar to thedentry cache in thehost virtual �le system (VFS),
each in-memoryGoFS dentry holds a hash table storing all
cached child dentries indexed by the directory/�le name. A
lookup operation uses the pathname as the key to traverse
down the �le system hierarchy without reading on-disk in-
odes. A direct lookup hash table (DLHT) [69] indexed by full
pathname serves as a fast path for directories with access
locality. Di�erent from a host �le system, which uses the RCU
lock [46] for the concurrency control of the hash table,GoFS
uses a simple per-bucket lock. This is because RCU involves

batch open hash
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fname

...

... 16B
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8B
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bnode
ino

nfiles
total_size

8B
8B
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Figure 4. Batched requests inGoFS.

dynamicmemory (de)allocation and complicated inter-thread
callbacks, which incurs extra performance overhead on GPU.
The lock contention will happen only when multiple threads
access the same �le/directory and one of them tries to rename
it, which is a rare case in GPU applications.

To further exploit the parallelismacrossmassive�les,GoFS
introduces the batched node (bnode) structure to support
batched �le operations. The batch operations are useful for
accessingdatasets organized in the formofmultiple small �les
in the same directory, which is common for many popular
datasets (see Table 1). A bnode tracks a collection of opened
�les under the same directory, and it uses the same inode
number (ino) as the directory inode (see Figure 4).Within the
bnode,GoFS records the total �le count, total data size, and
an array of batch-opened �les. With the batched operations,
GoFS coalescesmetadata operations (e.g., the parent inode for
all �les under a directory only needs to be updated once) and
eliminates unnecessary locks (e.g., all threads in a batched
API will process di�erent metadata/data without overlaps).

To use the batched operations, a GPU application needs to
call batch_open() inGoFSwith a directory path to open all
�les under this directory (see §3.7 for API details).GoFS lever-
ages parallel threads to read all child entries under the direc-
tory node, check the access permission of the child �le, and �ll
thebnode�le array. For each�le,we store its namehash, short
�lename, �le size, inode number, and a pointer to its cached
data pointer. After calling batch_open(), the application can
issue batched read/write requests on the bnode instance.
Scalable block allocation with per-SM bitmaps. Tradi-
tional host �le systems typically maintain a centralized data
structure (i.e., block bitmaps in F2FS) to track the free blocks.
Each bitmap encodes the occupied and free blocks in a 2MB
segment (the segment size is usually aligned with the erase
block size of an SSD). Upon block allocation, multiple CPU
cores will compete for the block bitmaps (Figure 5 left). To
avoid this,GoFS applies two optimizations (Figure 5 right).
First, GoFS maintains per-SM bitmaps to eliminate con-

tentionbetweenSMs.Uponinitialization,GoFSassignsbitmaps
to an SM based on the number of free blocks in the segments,
such that all SMs have similar numbers of free blocks. When
the number of free blocks to any SM is below a certain thresh-
old (5% by default),GoFSwill redistribute the free segments
among all SMs, which can be ful�lled in-memory quickly.

Second,GoFS coalesces the block allocation operations of
all threads in a thread block into a single allocation to reduce
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Figure 5. Block bitmap used inGoFS.

contention on the per-SM bitmaps. Instead of letting each
thread allocate new blocks on its own and contend on the
per-SM bitmaps, we �rst use all threads in the thread block to
collaboratively compute the total number of blocks needed
by all threads. Then, a single thread (e.g., thread 0) will be
responsible for manipulating the per-SM bitmaps. After that,
we assign the allocated blocks to each thread.
Parallel traversal of data pointers. Similar to other �le
systems,GoFS uses a tree-like structure to index the �le data
blocks. The root of the tree is the inode. Each intermediate
node is a block of data pointers, and each data pointer either
points to a data block (i.e., direct pointer) or another block of
pointers (i.e., indirect pointer). All data blocks are leaf nodes.
In a traditional �le system, when multiple CPU threads

read the same �le, each thread independently traverses the
tree from the root to �nd the leaf data blocks (see Figure 6
left). This scheme leads to two problems on the GPU. First,
there is a load imbalance among di�erent threads since the
leaf nodes can have di�erent depths. As a result, the straggler
thread will stall the entire GPU kernel. Second, data blocks
and pointer blocks need to be handled di�erently. This leads
to branch divergence if two threads in the same warp follow
di�erent code paths to handle di�erent block types, which
signi�cantly wastes the parallelism of the GPU.

Inspired by previous GPU graph traversal algorithms [47],
we develop a level-synchronous parallelism scheme to traverse
thedatapointers (seeFigure6 right).Weusea two-stageproce-
dure to index and fetch the data blocks. In stage one (metadata
stage), we traverse the data pointer tree to �nd the logical
�ash page addresses (LPAs) of all leaf data blocks. In the tree
traversal, all nodes at the current level can be processed in
parallel to �nd the nodes at the next level, and the threads
perform barrier synchronization between consecutive levels.
This balances the number of nodes being processed by each
thread at each level and eliminates branch divergence since
all threads execute the same code path when processing data
pointers. In stage two (data stage), we fetch all data blocks
in parallel to maximize the storage throughput of SSDs by
utilizing the data I/O techniques in §3.4.
Synchronized GPU clock. To ensure the correct ordering
of �lesystem operations,GoFS requires a timestamp within
each log entry. And the timestamps generated on the GPU
should be synchronouswith the host clock. This is because the
timestamps will be used as the creation or modi�cation times
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Figure 6. Level-synchronous data pointer traversal inGoFS.

of directories and�les, andmanypopular applications depend
on this information for correctness. For example, Makefile
leverages the �le modi�cation time to detect �le changes to
implement incremental compilation. As GoFS allows both
host and GPU to create and modify �les, it is necessary to
ensure that both sides use consistent timestamps.

However, thecurrentGPUdoesnotprovideaclocksynchro-
nized with the host CPU. Naïvely retrieving every timestamp
from a host clock will require frequent communication be-
tween CPU and GPU. To avoid such overhead, we implement
a GPU-side clock by leveraging the GPU’s special register
globaltimer [52] as a fast local timer, and we periodically
(every 10 minutes by default) calibrate the GPU clock with
the CPU clock. With the default period, the worst clock skew
for the GPU-side clock is 1368 `s (326 `s on average).GoFS
allows the user to con�gure the synchronization period to
achieve higher clock accuracy (e.g., with a 1-minute period,
the worst clock skew is less than 150 `s). This is su�cient
for most applications and systems. For example, the common
time skew tolerance of Windows Time service (W32time)
ranges from 1 millisecond to 1 second [48].

To synchronize the clock,GoFS requests a CPU timestamp
and stores the clock o�set between the CPU clock and the
GPU local timer. GPU local timestamps are calculated by the
clock o�set and the local timer value.

3.4 Data I/O inGoFS

TheGoFS daemonmaintains multiple NVMe queues in the
GPU memory to serve parallel I/O requests from multiple
SMs based on libnvm [44]. It enables zero-copy I/O access by
directly DMAing data from the SSD to the user’s data bu�er
withoutmaintainingacomplicatedpagecache,byconsidering
the characteristics (e.g., streaming data access and batch pro-
cessing) of GPU applications.GoFS automatically scales the
number of I/O threads based on request size. And it provides
both synchronous and asynchronous APIs to user programs.
I/O queue setup. In GoFS, the number of I/O queues (i.e.,
NVMe queue pairs) and the queue depth can be con�gured
based on the number of SMs and the SSD speci�cation. By
default,GoFS creates as many I/O queues as supported by the
SSD (e.g., 16 queues for a commercial SSD like Samsung 990
Pro1 and 128 queues for datacenter SSDs like Intel Optane [1]).

1We obtained the number of supported queues using nvme-cli on the

Samsung 990 Pro device.
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The default queue depth is 2048 (i.e., the maximum number
of concurrent threads supported by an SM [55], which often
cannot be reached due to register and shared memory limits).
This is more than enough to saturate the SSD throughput.
I/O request dispatch.GoFS employs a static I/O request dis-
patching policy.GoFSpartitions the I/Oqueues evenly among
all SMs and routes the requests from an SM to its correspond-
ing queues. This simple policy incurs no runtime scheduling
overhead. It will not cause queue imbalance since most GPU
applications will balance the load across SMs by default.
Zero-copy I/O access. In GoFS, all data I/O accesses are
zero-copy. The data will be directly DMAed from/to the user
program’s bu�er, and we let the user decide whether to em-
ploy a caching layer. This is in sharp contrast to a traditional
host �le system, which uses a page cache to exploit data local-
ity. A page cachewill not be helpful tomost GPU applications,
since theyoften (1)workona large dataset that cannot be fully
cached, (2) have a streaming data access pattern without any
temporal locality, (3) already manually keep frequently used
data in GPUmemory, and (4) are throughput-oriented work-
loads that can tolerate the long SSD access latency without
a cache. For these applications, adding another layer of cache
not only increases I/O overhead but alsowastes preciousGPU
memory. For applications that can bene�t from a page cache,
we can still rely on existing libraries on top of GoFS to provide
caching functions and an mmap-like interface. Note thatGoFS
still maintains a �lesystemmetadata cache.
Automatic data-parallel I/O access. To serve a read/write
request, GoFS will launch a new GPU kernel using CUDA
dynamic parallelism [3]. This gives GoFS the �exibility of
automatically scaling the number of threads, such that each
thread serves a chunk of the requested data (i.e., data paral-
lelism). In contrast, a host �le systemwill not automatically
spawnmultiple threads to serve a single read/write request.

GoFS determines the kernel launch con�guration (i.e., the
number of thread blocks and the number of threads per block)
based on the request size.GoFSwill try to utilize all SMs so
that all I/O queues will be utilized to maximize I/O through-
put. Therefore,GoFS launches as many thread blocks as nec-
essary where each thread block serves a minimum of 4KB
data chunk (the FS data block size). The maximum number
of thread blocks is constrained by the number of SMs. The
number of threads per block is 64 by default, as we �nd out
empirically that having more threads per block will not im-
prove I/O throughput when there are already enough thread
blocks. GoFS also allows the user to explicitly specify the
kernel con�guration for a read/write request.
Synchronous and asynchronous data access. In synchro-
nous mode, a read/write API call will block until the data is
ready in the user bu�er.GoFSwill keep polling the I/O queue
to determine if the data has beenDMAed to the destination. In
asynchronous mode, an API call will just forward the request
to the GoFS daemon, and the user kernel can continue exe-
cution. libgofs provides another API to wait for the request
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Figure 7.Data consistency between CPU and GPU inGoFS.

completion by polling the request status from the daemon.
The user application can leverage the asynchronous APIs to
implement software pipelining to hide the I/O access latency.

3.5 Data Consistency

Data consistency between CPU and GPU. GoFS allows
both CPU and GPU programs to access the �lesystem.GoFS
uses FUSE [70] to implement a host-side client to maintain
data consistency between CPU and GPU. FUSE enables the
OS kernel to redirect CPU-sideGoFS �le system syscalls to
the userspace host clientwithout modifying user applications

or the OS kernel stack, o�ering the best compatibility with the
existing system stack. A userspace client is necessary since a
CUDA kernel can only be launched from the userspace.GoFS
does not change the F2FS on-disk layout, so we do not need
to modify the kernel F2FS implementation.

InGoFS, theGPUdaemonmanages theownershipofopened
�les. The GPU-centric design is reasonable as GPU applica-
tions typically prefer minimum host involvement.

Figure 7 shows the work�ow of �le operations issued from
CPU-side applications.GoFS redirects the open() syscall to
the userspaceGoFS client. When the GPU daemon is not run-
ning, the host client directly returns the redirected open and
enters the original F2FS stack. The host client invokes custom
GPU kernels to acquire access ownership of the target �le.
If no GPU application is accessing the �le, the GPU daemon
grants the �le ownership to the host. FUSE then calls the nor-
mal f2fs_open() function to open the �le. After the �le is
opened, the user application can transparently issue �le I/O
requests to the underlying F2FS without involving the GPU.
When the application close()s a �le, FUSE directs the

function call to the normal f2fs_close(), letting it �ush all
related dirty data. Then, it forwards the close() to the GPU
daemon (similar path as open()) to return the �le ownership.

In addition,GoFS allows the GPU and CPU to concurrently
read the same �le (i.e., sharing ownership) by opening the �le
in read-only mode. If the CPU/GPUwants to reopen the �le
in read/write mode, it will wait for all previously opened �le
instances to be closed.GoFS keeps a per-�le reference counter
to track the number of opened �le instances to achieve this.
Crash consistency. SinceGoFS does not change the on-disk
format of F2FS, it provides the same crash consistency guar-
antees. As a log-structured �le system, GoFS persists new
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Figure 8. User identity authentication in GoFS. 1 and 2

only happen once when the user process registers itself with
GoFS daemon. 3 and 4 happen for everyGoFSAPI call.

data blocks and node blocks out-of-place and propagates the
changes by updating the block address in the NAT table. To
provide a consistent recovery point,GoFS triggers a check-
point procedure to �ush all dirty metadata and persist the
currentmetadatawithin a checkpoint pack.GoFS can directly
use the host F2FS stack for crash recovery without GPU in-
volvement.GoFS scans the checkpoint region to extract the
latest checkpoint pack and roll back the �le systemmetadata
to the latest consistent stage.The recoveryoverhead is less of a
concernas it is noton the critical pathof applicationexecution.

3.6 Data Protection

Unlike the CPU, a GPU does not provide multiple privilege
rings. Thus,GoFS needs to enable data protection di�erently.
In-memory �lesystem integrity protection.GoFS lever-
ages GPU’s virtual memory isolation to enforce “privilege
rings”. It maintains a daemon process (i.e., the “kernel space”),
which has the privilege of managing �lesystemmetadata and
the NVMe queues in the GPUmemory. The user process (i.e.,
the “user space”) cannotaccess thememoryof thedaemonpro-
cess. The daemon launches a persistent daemon kernel on the
GPU to listen to the �lesystem API calls from user processes.
It only occupies a single SM, and the user process can utilize
other SMs with CUDAMPS [51]. The user process forwards
GoFSAPI calls to the daemon via a shared request queue in
the GPUmemory (implemented using CUDA IPC [55]).
File access control.WhenGoFS’s daemon process opens a
�le, it checks whether the user process has permission to ac-
cess this �le. For a host �le system, this can be done by directly
checking the user/group ID of the user process, since the OS
kernel by default maintains the data structures to manage all
processes. However, on the GPU, theGoFS daemon cannot
directly track the user/group ID of a user process.
To address this challenge, we leverage the trusted host

GoFS client to generate a unique and unforgeable “ID” for
each user process. We illustrate the user identity authentica-
tion mechanism in Figure 8. When a user process initializes
GoFS, it needs to register itself with the hostGoFS client. The
client runs with sudo privilege and can retrieve the correct
user/group ID of the user process. Then, the client uses a
cryptographic algorithm (e.g., HMAC-SHA256 [50]) to sign
the user identity (i.e., group/user ID) and a randomly gener-
ated nonce with a private key that can only be accessed by

// POSIX vector read/write

readv(int fd, void* buf, struct request reqs[]);

writev(int fd, void* buf, struct request reqs[]);

// GoFS batched open operation

batch_open(char* path, char* fnames[], int boffset[]);
batch_close(int fd);

// GoFS batched read/write operation
batch_read(int fd, void* buf, int boffset[]);

batch_write(int fd, void* buf, int boffset[]);

Figure 9.New �le operation APIs supported byGoFS.

the client. Then, the client passes this signature to the user
process and guarantees that the signature will not be exposed
to other processes ( 1 ). It also passes the user identity and the
signature to the GoFS GPU daemon, such that the daemon
can maintain a mapping from user identities to signatures
( 2 ). When the user process invokes aGoFSAPI, it sends the
signature along with the user identity to the daemon process
( 3 ). The daemon then veri�es that the user identity and the
signature match, which guarantees that the provided user
identity is not forged by a malicious process ( 4 ).

3.7 Put It All Together

GoFSAPIs.GoFS provides the POSIX API for GPU applica-
tions for programmability and compatibility, as it is a com-
monly adopted standard for �le systems. Applications only
need to call �lesystemAPIs to access �les,GoFS transparently
maximizes the I/O throughput with automatic data-parallel
I/O accesses. Besides,GoFS also provides a few extendedAPIs
to further optimize �le operations, as shown in Figure 9.
readv/writev: Perform �le read/write with an array of re-
quests (reqs[]). Each request contains the requested �le o�-
set, length, and the o�set to the data bu�er (buf).
batch_open/batch_close: Open upmultiple �les under the
directory with pathname as a bnode. Users may pass an array
of fnames[] to specify �les to open, otherwise all �les are
openedunder the directory. The�le positionwithin the bnode
is returned in an array of boffset.
batch_read/batch_write: Issue batch read/write requests
to the �les within the bnode. Batch read fetches the entire �le
inboffsetand loadsdata into theprovidedbu�er.Batchwrite
overwrites the bu�er data to the �le according to the boffset.
Daemon setup.By design,GoFS can bemounted on any SSD
formatted in F2FS. To mountGoFS, a privileged user calls the
mount functionwith the disk controller identi�cation, and the
host GoFS client then launches a GPU daemon kernel. The
daemon initializesNVMequeuepairs and reads the�le system
superblock to check the on-disk FS structure. It then builds
the runtime structure (e.g., block bitmap) in GPU memory.
Before callingGoFSAPIs, the user process registers itselfwith
the hostGoFS client via IPC. The host client will then set up
theGoFSAPI request queue in the GPUmemory. The request
queue is shared between theGPU daemon and the user’s GPU
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kernels via CUDA IPC. The overhead of GoFS initialization
is trivial (less than 50 milliseconds in total on our testbed).
File operations.Weuse an example to show thework�ow of
GoFS’s �le operations. An application �rst opens the target
�le with the �le path, andGoFS performs a �le lookup. After
�nding the inode and opening the �le, the application can
issue a �le read.GoFS acquires the data range lock (3.3), and
performs the two-stage (metadata anddata) �le readwithmul-
tiple GPU threads. The read requests are dispatched among
SSD I/O queues, and the SSD directly DMAs the requested
data to the application bu�er (3.4). The range lock is lifted
after request completion. After performing some computa-
tion, the application can overwrite the result back to the �le.
During parallel writes,GoFS allocates new free blocks with
the per-SM allocation pool for data. After the data is persisted,
GoFS updates the data pointer in parallel.
Garbage collection.GoFS implements garbage collection
process to reclaim scattered and invalidated blocks in the �le
system.GoFSdaemonperiodically checks thenumberof avail-
able free segments, and it triggers foreground (on-demand)
GC process when the unused capacity drops below a con�g-
urable threshold (5%bydefault).Tospeedup theGCprocedure,
GoFS daemon launches a newGCkernel withmultiple thread
blocks. Each thread block greedily selects a victim segment
(2MB) with the least valid block, and writes the valid 4KB
data blocks to a newly allocated segment. It then sends a trim
NVMe command to the SSDwith the I/O queue to clean up the
blocks in the segment. Finally,GoFS updates the in-memory
block bitmap and the on-disk SIT table (segment info table).

GoFSalsosupportsbackgroundGC.Thehostclientof GoFS
monitorsGPUutilizationusing thePROF_SM_OCCUPANCYmet-
ric of DCGM [54], and derives the number of active warps
on the GPU. When there is only one active warp (i.e., only
the GoFS daemon is running on the GPU), the host client will
launch special GC kernels.GoFS does not trigger the default
GC of F2FS on the CPU, since this may require frequent syn-
chronizationof �le ownership andglobal �le systemmetadata
between the CPU and GPU.

3.8 Implementation Details

GPU daemon.We implement the GPU-sideGoFS daemon
using 5.5K lines of CUDA C++ code with CUDA 12.4. The in-
memory data structures, such as hash table, ring bu�er, lists,
and trees account for 2.4K lines of code. We also implement
a buddy allocator withinGoFS daemon for managing the �le
metadata caching. We use the libnvm [44] to enable direct
NVMe access inside GPU kernels.
libgofs. We implement a libgofs library with 1.4K LoC
which provides library functions for GPU applications to in-
teract withGoFS host client and GPU daemon.
Host client. The GoFS host client is implemented in 0.8K
lines of C++ code.Wemodi�ed around 0.2K lines of C code to
redirect theGoFS �le operation calls to the userspaceGoFS
client using the FUSE kernel module.

The kernel launch overhead inGoFS is 9.2 `s on average. In
sync mode, most thread blocks launched by theGoFS kernel
will �nish after they have submitted the NVMe commands,
and only a few thread blocks (empirically, we use 16 thread
blocks by default)will remain active to poll for I/O completion.
Only up to 16 out of 108 SMsonourA100GPUare occupied by
GoFS, and the user application’s kernels can execute on other
SMs. For I/O-intensive applications, occupying a few SMs for
polling is acceptable, since they are not bottlenecked by the
computation. For compute-intensiveworkloads likeML train-
ing/inference, their I/O demand is relatively low compared
to computation, therefore, it usually requires fewer SMs for
serving I/O requests. Note thatGoFS needs only one SM for
its daemon when the I/O is idle, it will dynamically adjust the
SM allocation depending on the I/O intensity. In async mode,
theGoFS kernels will �nish after submitting the NVMe com-
mands and do not occupy any SM to wait for I/O completion,
so the interference to the user threads is insigni�cant.

4 Evaluation

Our evaluation shows that: (1) GoFS achieves 1.10×/1.03×,
1.38×/1.65×, and 2.04×/2.40× higher sequential, random, and
multi-�le read/write throughput compared to current storage
solutions for GPUs.GoFS signi�cantly saves host CPU cycles
while achievinghigh I/O throughput (§4.2). (2)GoFS improves
real-world GPU application performance by 1.61× compared
tostate-of-the-artdesigns (§4.3). (3)GoFSachievesnear-linear
I/O throughput scalability as we increase the number of SSDs
(up to 20.4GB/s sequential read with four SSDs) (§4.4).

4.1 Experimental Setup

Testbed.Our testbedhas a 16-core IntelXeonW5-3435XCPU,
64GB DDR5 host memory, and an NVIDIA A100 GPU with
40GB devicememory.We use Ubuntu 20.04with Linux kernel
5.4.0, CUDA 12.4, and NVIDIA GPU driver 550.127.GoFS is
mounted on a 2TB Samsung 990 Pro SSD.
Workloads.We evaluateGoFSwith microbenchmarks and
real data-intensive GPU applications (see Table 1). For the
microbenchmarks, we vary the number of host CPU threads
and the number of GPU thread blocks for sensitivity analysis.
For real applications, we include intelligent queries, graph
analytics, graphneuralnetwork (GNN) trainingsandretrieval-
augmented generation (RAG) systems, as they are represen-
tative GPU workloads in production today [15, 19, 38, 39].
Finally, we also testGoFS’s scalability with multiple SSDs.
Baselines.We compareGoFS to state-of-the-art storage ac-
cess solutions for GPUs, which enable di�erent degrees of
GPU control over the �lesystem:

• Basic: The host CPU executes �lesystem operations and
accesses the disk using F2FS. Data is �rst staged in host
memory and then transferred to GPU using cudaMemcpy.

• GPUfs [62]:Awrapper library that enables GPU threads
to invoke �le system APIs. It delegates the API calls to
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Table 1.Workloads used in our evaluation. The “Predictable”
column indicates whether the workload has a predictable
storage I/O access patterns or not.

Workload Description Predictable

Microbenchmarks

Seq-R/W 4KB sequential �le read/write Yes

Rand-R/W 4KB random �le read/write No

Multi-file-R/W 100K 16KB small �les read/write Yes

Applications

IIR [22] Given an image query, searches for the most

similar image in the 636GB LSUN [75] dataset

(53M samples with 12kB �le size, preprocessed).

Yes

TIR [72] Takes a textual query to retrieve the matched

images in 24GB ImageNet [24] dataset (2M

samples with 12KB �le size, preprocessed).

Yes

MIR [42] Searches for music samples matching a given

audio clip in 110GB AudioSet [42] dataset (10M

samples with 12KB �le size, preprocessed).

Yes

RAG [19, 38] LLM-based retrieval-augmented generation

with Llama2-13B [68] and 3.6TB vector DB.

No

BFS [6] BFS search with 15GB GAP-web [6] and 920MB

GAP-road [6] dataset.

No

CC [6] Connected Component Search with 32GB GAP-

kron [6] and 15GB GAP-web graph dataset.

No

GNN [23, 33] Graph neural network training with Graph-

SAGE [23, 25] on 3.2TBWebGraph [9] dataset.

No

Image

Preprocess [35]

Preprocessing original 167GB ImageNet [24]

dataset for downstream tasks likeDNNtraining.

Yes

the host �lesystem (i.e., F2FS) via Remote Procedure Calls
(RPCs). The host CPU runs server threads to process the
RPCsandexecute�lesystemoperations.Thedata still needs
to be transferred between CPU and GPU via cudaMemcpy.
It maintains a �le cache in the GPUmemory.

• cuFile [66]: The application uses NVIDIA cuFile APIs to
load data directly from SSD to GPU device memory via
GPUDirect Storage. The data will not be staged in the host
memory. However, the host CPU still processes �lesystem
operations and issues NVMe commands to the SSD. cuFile
uses ext4 since it does not support F2FS.

• GeminiFS [57]:GeminiFS uses the host to manage meta-
data while o�oading data I/O to the GPU. Upon opening a
�le, GeminiFS uses the host �lesystem to retrieve its meta-
data (e.g., data pointer) and copies it to the GPU.With this
metadata, the GPU can issue NVMe commands to read-
/write the data blocks in the SSD. The GPU can read/write
theper-�lemetadata,but it cannotaccessdirectoryorglobal
�lesystemmetadata. The GPU-side metadata is freed upon
�le closing. We also allocate a 1GB page cache in the GPU
for its prefetching mechanism.

4.2 Microbenchmarks

We use microbenchmarks to evaluateGoFS’s I/O throughput
against the baselines, following popular �le system bench-
marks such as �o [18] and �lebench [65]. For sequential read-
/write, we directly callGoFS’s read/write APIs. For random

read/write, we pre-generate random 4KB-aligned �le o�sets
and useGoFS’s vector APIs. For multi-�le read/write, we use
GoFS’s batch APIs (see Figure 9). For all microbenchmarks,
GoFS enforces the locking on all �le operations to ensure
atomicity and guarantee data correctness.GoFS uses range
locks to support concurrent accesses to di�erent �le regions.
We list our �ndings as follows.
(1)GoFS scales its I/O throughput much better than all base-
lines as we increase the number of GPU thread blocks. Fig-
ure 10 shows the I/O throughput of all designs for varying
numbers of GPU thread blocks. For all baselines, we use the
number of CPU threads that maximizes the throughput.

For sequential read/write, cuFile has the lowest through-
put (0.44GBps/0.48GBps) due to high host stack overhead.
The write throughput of Basic is only 1.1GB/s due to lock
contentions among CPU threads. GPUfs performs 1.6×/1.2×
worse than Basic for read/write, as it has high RPC overhead
between CPU and GPUwhen the request size is small. Both
GeminiFS and GoFS achieve better throughput than other
baselines, as they leverage the GPU to accelerate data I/O op-
erations.GoFS achieves slightly better sequential read/write
throughput than GeminiFS. This is because GoFS carefully
optimizes the metadata management in GPUmemory to re-
duce unnecessary locking overheads (e.g., range locks and
per-SM bitmaps). In contrast, GeminiFS su�ers from higher
lock acquire/release overhead even when there is little con-
tention with the sequential access pattern. GoFS achieves
5.5GBps/6.5GBps read/write throughput, which is close to
the peak raw throughput of our SSD (6.9–7.5GB/s [2]).
For random read, GoFS achieves 5.1GB/s peak through-

put, which is close to the peak raw SSD throughput (5.4GB/s,
as measured on the raw block device without a �le system).
While both GoFS and GeminiFS leverage GPU’s high par-
allelism to accelerate data I/O, GoFS is 1.4× faster. This is
because GoFS allows all GPU threads to issue requests in
parallel (at maximum parallelism, each of 6,912 CUDA cores
can execute a thread on A100), while GeminiFS’s warp-level
lock serializes all requests in a single warp (at most 432 active
warps), wasting the thread-level parallelism inside eachwarp.

For randomwrite,GoFS achieves near-sequential through-
put (6.1GB/s). This is because GoFS is log-structured and
optimizes for parallel log updates, so random writes are se-
quentially appended into the log using multiple GPU threads.
Basic also uses the log-structured F2FS but cannot scale due to
multi-thread contention. GeminiFS is 1.6× slower thanGoFS
for random writes since (1) it does not exploit parallelism
inside a warp (for the similar reason to random read), and
(2) it is based on ext4 and the overwrite operations cannot
be converted to sequential log appends. Note that GeminiFS
cannot be adapted to a log-structured �le system by design
since the GPU does not manage global �lesystemmetadata
and cannot support data block allocation and invalidation.

Formulti-�le read/write,GoFS employs thebatchedAPIs to
process the �les in parallel. This signi�cantly reduces the �le
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Figure 10. Performance of microbenchmarks with varying numbers of thread blocks on the GPU.
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Figure 11. Performance of microbenchmarks with varying numbers of CPU cores.
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Figure 12. End-to-end query processing throughput of
intelligent query applications.

systemmetadata overhead and fully exploits themassive data
parallelism of GPU threads. In contrast, all other baselines
rely on the host to process metadata operations upon open-
ing/closing a �le. As a result,GoFS can achieve 15.5× and 4.6×
multi-�le readandwrite throughput improvements compared
to the state-of-the-art baseline. To further understand the ben-
e�t of batch API enabled in GoFS, we conduct an ablation
study in comparison with the case in which each thread calls
open/read/write/close on a separate �le. Our experiments
show that using the batch API improves the throughput by
1.67×/1.38× for multi-�le read/write respectively2.
(2)GoFS significantly saves host CPU cycles while achieving
the peak SSD throughput. Figure 11 shows the I/O throughput
for varying numbers of CPU threads.GoFS is not a�ected by
this parameter since it does not involve the host CPU at all
during I/O accesses. For GPUfs,GoFS, and GeminiFS, we use
108 thread blocks on theGPU tomaximize the parallelism. For
all microbenchmarks,GoFS achieves better peak I/O through-
put than all other baselines as discussed above. Even when
other baselines perform close to GoFS (e.g., for sequential
read/write), they need to occupy at least 8–16 CPU cores to
achieve the best performance. GoFS frees up the precious
CPU cores. As we scale to multiple GPUs and multiple SSDs,

2We use ablation studies to quantify the bene�t of the batch API in

GoFS, the results are not shown in the �gures of the paper.
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Figure 13. Execution time breakdown of a single batch
in intelligent queries. We show the GPU Computation
time, cudaMemcpy time, and I/O time (including �lesystem
software overhead and disk access time).

the CPU bottleneckwill bemore severe, so saving CPU cycles
will become more bene�cial.

4.3 Real-World Applications

We now evaluateGoFSwith real-world GPU-accelerated ap-
plications as listed in Table 1.

4.3.1 IntelligentQueries. The intelligent queries perform
batch processing of small �les. The dataset is processed itera-
tively. In each iteration, the application �rst fetches a batch of
samples into the GPUmemory, which involves opening and
reading a batch of small �les. And then, GPU executes a DNN
model to conduct similarity search against all samples in the
dataset. The computation of the current batch and the data
fetch of the next batch are pipelined.

Figure 12 shows the end-to-end query processing through-
put.GoFS outperforms Basic, GPUfs, cuFile, and GeminiFS by
6.2/7.5/21.3/2.1× on average. Figure 13 further breaks down
the execution time of a single batch. For small batch sizes, the
GPU compute capability is not saturated, and computation is
the bottleneck. Hence,GoFS can have similar performance to
GeminiFS. For larger batch sizes, the end-to-end execution is
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Figure 14. Request latency breakdown of RAG applications.

bounded by I/O time.GoFS signi�cantly reduces the I/O time
compared to all other baselines. This is becauseGoFS employs
the batched �le API to leverage GPU’s parallelism to handle
massive metadata operations due to multi-�le accesses, while
all other baselines rely on the host to access on-disk meta-
data. For intelligent queries, our ablation study shows that the
batch API of GoFS improves the query throughput by 1.41×
on average, compared to the casewithout using the batchAPI.

Notably,GoFS’s improvement overGeminiFS forIIR (2.5×)
and MIR (2.7×) is higher than that for TIR (1.4×). This is be-
cause GeminiFS needs to keep the metadata of all opened
�les in GPUmemory, as the GPU cannot retrieve anymissing
metadata from disk without host intervention. The metadata
inGeminiFSoccupies at least 8KBofGPUmemoryper opened
�le. ForTIR, themetadata for theentiredataset (15.3GB)canbe
kept inGPUmemory, so there is no hostmetadata access over-
head.As the dataset gets larger, themetadata (404.4GB forIIR
and 76.3GB for MIR) greatly exceeds GPUmemory capacity
(40GB), so GeminiFS needs to open and close the �les for each
batch, leading to signi�cant host metadata access overhead.

4.3.2 Retrieval-Augmented Generation. RAG [19, 38]
performs similarity search (e.g., ANN) to retrieve the top-
relevant items from an on-disk vector database. The data-
base indexing involves graph traversals, resulting in frequent,
small, and data-dependent I/O accesses [27]. The retrieved
items are fed into the LLM to generate the �nal answer. We
use vLLM [36] as the LLMengine. For Basic,we use the host to
perform the retrieval and theGPU toperformLLMgeneration.
For cuFile, GPUfs, GeminiFS, and GoFS, the GPU performs
both retrieval and generation. For GeminiFS, we keep the
metadata for the entire dataset in GPU memory (7.2GB for
our 3.6TB dataset) as opening the �les on demand will result
in lower performance. We use two 2TB SSDs with RAID0 as
the dataset is 3.6TB (see the multi-SSD setup in §4.4).
Figure 14 shows the request latency breakdown for vary-

ing batch sizes. cuFile performs signi�cantly worse than all
other designs due to its poor random 4K I/O performance (see
§4.2).GoFS outperforms Basic, GPUfs, andGeminiFS by up to
1.6/1.8/1.4×. Basic, GPUfs, andGoFS have similar generation
time as this does not involve any �le I/O. However, GeminiFS
su�ers fromupto1.6× slowergeneration timeas thebatchsize
increases to 64. This is because GeminiFS keeps the metadata
of the entire 3.6TBdatabase inGPUmemory (7.2GB footprint),
leaving less space for theKVcache. For the retrieval time, both
GeminiFS and GoFS perform better than Basic and GPUfs,
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breakdown (right) of GNN training. 1000/6000 are batch sizes.

and GoFS outperforms GeminiFS by 1.2×. This aligns with
our observations for the random read access pattern in §4.2.

4.3.3 GraphAnalytics. We evaluate two representative
graph algorithms: breadth-�rst search (BFS) and connected
components (CC). Both follow a level-synchronous scheme to
iteratively traverse the graph. In each iteration, the algorithm
processes all vertices in the current level in parallel to �nd all
vertices in thenext level. Then, it fetches thenewvertices from
the disk into GPUmemory, which involves data-dependent,
�ne-grained, and random accesses to a single large �le. After
that, it proceeds to the next iteration.
Figure 15 shows the end-to-end execution time of graph

analysis applications. The performance trend is highly corre-
latedwith the random read throughput in §4.2. GPUfs and Ba-
sic have similar performance, as they both utilize the full host
�le system stack to access the disk and require cudaMemcpy
to move data to the GPU. cuFile has the worst performance
(up to 19.8× slower than Basic and GPUfs) due to the random
access pattern with small I/O sizes.GoFS achieves 1.34–1.76×
speedup (1.53× on average) over Basic, since it alleviates host
CPU bottleneck and scales the I/O throughput with massive
GPU threads. Compared to GeminiFS,GoFS is 1.2× faster, as
GoFS utilizes more GPU parallelism to improve I/O through-
put, which is especially useful for small random I/O accesses.

4.3.4 Graph Neural Network Training. GNN training
involves three steps [23, 33]. In each training iteration, a batch
is �rst formed by samplingmultiple subgraphs from the entire
graph. This step performs BFS onmultiple source nodes up
to a certain distance. Second, the node features for each sub-
graph are gathered from the disk to the GPUmemory. Finally,
the GPU performs DNN computation on each subgraph. The
�rst two steps incur random I/O accesses on large �les and
are a major bottleneck in GNN training.
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Table 2. Total execution time and speedup vs. Host-Only for
dataset preprocessing.

Host-Only GeminiFS GoFS

1 SSD 200.08s (1.0×) 399.18s (0.50×) 172.26s (1.16×)

2 SSDs 190.56s (1.0×) 339.40s (0.56×) 97.11s (1.96×)

4 SSDs 185.68s (1.0×) 327.93s (0.57×) 58.80s (3.16×)

Our graph dataset consists of a graph represented by a
sparse matrix with per-node features and ground truth labels
for training. Due to SSD capacity limitation, we striped the
3.2TB dataset across two 2TB SSDs using RAID0. We extend
PyTorch Geometric (PyG) [17] for GNN training.
Figure 16 shows the training throughput and the single-

batch execution time breakdown with di�erent batch sizes.
While GNN training also involves BFS, the performance bene-
�ts of GoFS over other baselines aremore obvious than in the
BFS benchmark (§4.3.3). This is because GoFS scales better
than other baselines on two SSDs, since GoFS can exploit
the GPU parallelism to maximize the bandwidth utilization
of all SSDs (see §4.4). For Basic, GPUfs, and cuFile, the host
�lesystem stack encounters scalability issues and cannot fully
utilize the bandwidth of two SSDs [49].GoFS is 1.54× faster
thanGeminiFS. The gap betweenGeminiFS andGoFS is more
obvious than in Figure 15 because it requires more GPU par-
allelism to utilize the bandwidth of two SSDs.

4.3.5 Dataset Preprocessing. Dataset preprocessing is a
representative GPU workload that involves intensive read-
/write I/O to the storage. The task involves reading the �les in
thedataset into theGPU, transforming them into a speci�c for-
mat required by the downstream tasks, andwriting themback
to the storage. The task is common in many real applications
like ML training and data analytics. GoFS can bene�t data
preprocessing, as it accelerates multi-�le creation, opening,
and writing by managing metadata with GPU parallelism.
Table 2 compares the time of preprocessing the ImageNet

dataset (see Table 1) with Host-Only (CPU preprocesses the
dataset), GeminiFS (CPU converts input �les to the GVDK
format required by GeminiFS, opens the GVDK �les, and pre-
allocates output GVDK �les; GPU performs computation and
writes to theoutput�les), andGoFS. BothHost-OnlyandGem-
iniFS pipeline I/O and computation.GoFS is 1.16–3.16× faster
than Host-Only as it leverages GPU parallelism for metadata
operations. In particular, the use of batch API improves the
performance of GoFS by 1.10× on average, according to our
ablation study. GeminiFS performs worse than Host-Only
since it not only su�ers from host �le open and create over-
head, but also incurs extra GVDK �le conversion overhead.

4.4 Performance withMultiple SSDs

We evaluate GoFS’s scalability with multiple SSDs. We use
mdadm to create RAID0 arrays of up to 4 SSDs. On the GPU,
GeminiFS and GoFS support a RAID0 array by striping the
data across multiple SSDs. As shown in Figure 17, GoFS
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Figure 17. Performance improvement with multiple SSDs.

achieves linear throughput improvement for all microbench-
marks as we increase the number of SSDs.With 4 SSDs,GoFS
achieves 20.4GBps/22.1GBps sequential read/write through-
put. This is because GoFS exploits the massive GPU paral-
lelism to saturate the total throughput of all four SSDs. In
contrast, Basic can only achieve up to 7.8GB/s throughput
with 4 SSDs due to host software overhead. GeminiFS also
cannot scale beyond 2 SSDs except for sequential read/write
since it only exploits warp-level parallelism.

4.5 GPUMemory Footprint of GoFS

The major sources of GoFS’s GPUmemory consumption are
the cached inodes and data pointers. With more opened �les,
GoFSneedsmorememory space for caching thedentry and in-
ode structures.GoFSminimizes this using a more condensed
bnode structure for batched operations. For the applications
examined in our study, intelligent query with the batch size
of 65,536 incurs the largest GPUmemory footprint forGoFS
(278 MB, of which 263 MB is the inode cache for small �les).
This is insigni�cant compared to tens of GBs of GPUmemory.

5 Discussion and FutureWork

Support for di�erent �le system formats. GoFS can be
extended to support other on-disk �le system formats. Most
in-memory data structures in GoFS and the CPU-GPU co-
ordination mechanism can be reused. However, we need to
consider two factors for supporting a di�erent �le system for-
mat. First, log-structured�le systems intrinsically help reduce
the complexity and overhead of managing crash consistency.
For �le systems like ext4, extra care may need to be taken,
such as the journaling implementation. Second, the concrete
implementations of parallelizing on-disk data structure ac-
cessesmaybe di�erent. For example, F2FS uses direct/indirect
pointers (Figure 6), while ext4 uses an extent-tree structure
and requires a di�erent traversal mechanism.
As for the storage pooling support in �le systems like

Btrfs [61] andZFS [10],we implementedRAID0 data sharding
to manage multiple SSDs inGoFS. To support more sophis-
ticated multi-device management functions, a similar e�ort
is needed inGoFS, we wish to explore it in future work.
Support for GPUs from di�erent vendors. The design of
GoFS is not tied to a speci�c GPU vendor. GPUs from di�er-
ent vendors (e.g., AMD) usually share a similar architecture
and programming model, because they all follow a single-
instruction-multiple-data (SIMD) hardware architecture and
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a hierarchical thread programmingmodel. As long as theGPU
device memory can be mapped to the BAR space on PCIe and
supports PCIe P2P DMAwith NVMe devices [14, 53],GoFS
can be ported to the GPUs from a di�erent vendor.
Support formultiple GPUs.Asmodern GPU servers are
equipped withmultiple GPUs to scale the computation,GoFS
can be deployed on each GPU to manage its group of local
SSDs. To achieve this, we canmount each group of SSDs as an
individual �le system instance and partition application data
across these instances. As multi-GPU applications explicitly
manage data and computation partitioning across GPUs (e.g.,
data/model parallelism inMLworkloads), it requires minimal
e�ort for them to manage data sharding across �le system in-
stances (such as duplicating or splitting �les across instances).
This setup is su�cient for most multi-GPU applications to
exploit the bandwidth of multiple SSDs. For the rare case
that requires data sharing across multiple GPUs, multi-GPU
applications need to explicitly manage it uponGoFS.

As future work, we wish to extendGoFS into a distributed
�le system and manage data sharing across multiple GPUs in
a transparent manner. For instance, each GPU runs a GoFS
daemon instance, and all daemon instances synchronize to
maintain data consistency.
Support for remote storage.GoFS is designed formanaging
scalable direct storage accesses to local SSDs. It works coor-
dinately with remote storage systems. For input data from a
remote storage, it is common for applications to cache data
in local storage. For example, the TensorFlow data API [20]
caches the entire or part of the dataset locally for future train-
ing epochs to avoid expensive data transfer over the network.
Also, many applications demand high storage performance
that cannot be satis�ed by remote storage. For example, an
LLM-based RAG online inference service needs to keep the
RAG database in local SSDs for fast data retrieval.
Support for application-level optimizations.GoFS opens
up new opportunities for GPU applications to optimize the
storage access performance. We have already demonstrated
example applications in §4.3 that bene�t fromGoFS’s batched
and vector APIs.GoFS can also be employed by GPUmemory
expander solutions for DNN training, which o�oads tempo-
rally unused tensors to the SSDs [5, 59, 76]. GoFS can help
better utilize the SSD o�oading and prefetching bandwidth.
As discussed,GoFS supports atomic �le operations, �ne-

grained locking mechanisms, and crash-consistency logging.
These features can be leveraged to build full ACID-compliant
transactionsupporton topof GoFS (e.g., buildingdatabaseson
GoFS). As future work, we wish to explore more applications
and provide programming guidelines for users to utilizeGoFS.

GoFS can also useGPUs to accelerate �le system tasks such
as data deduplication and compression. For example, exist-
ing GPU-based data deduplication algorithms showmassive
speedup over CPU-based ones [64]. We would like to explore
them as future work as well.

6 RelatedWork

Scalable �le systems for many-core processors. Prior
studies have explored various techniques to scale �le systems
on CPUs [8, 12, 30, 31, 40, 49, 60]. SpanFS [30] partitioned the
�le system into independent domains to enable scalable data
accesses. ScaleFS [8] used a per-core operation log to delay
propagating updates to the disk until an fsync.Max [40] re-
duced lock contentions for concurrent �le system operations
using a reader-writer semaphore. Many of them relied on
concurrent data structures developed for CPUs,which cannot
be easily adapted to GPUs.GoFS addresses these challenges
and builds the GPU-orchestrated �le system.
Direct storage access forGPUs.Prior studies have explored
techniques for direct data movement between the GPU and
NVMe SSDs. NVMMU [77], SPIN [7], and cuFile [66] use PCIe
P2PDMA tomove data betweenGPU and SSD.However, they
still rely on the host �le system tomanage the SSD, such as �le
indexing and access control. BaM [58] places NVMe queues
in the GPU device memory and allows the GPU to manage
the SSD without host CPU involvement. However, it treats
the SSD as a raw block device and does not have the system
support.GeminiFS [57] leveragesBaMtoo�oaddata I/Oman-
agement to the GPU, but it still relies on the host �lesystem
to manage metadata.GoFS alleviates the host CPU overhead
and builds a full-�edged scalable �le system on the GPU.
Accelerator-centric OS. There is an ongoing trend to build
accelerator-centric systems [16, 32, 58, 62, 67, 71, 73]. For in-
stance, GPUfs [62] built a wrapper library for GPU threads
to invoke host �le system APIs. GPUnet [32] developed net-
workingAPIs for GPUprograms. Lynx [67] and FpgaNIC [73]
enabled GPU programs to o�oad network packet processing
to SmartNICs. Genesys [71] enabled system calls for GPU
programs. Our workGoFS is the �rst to develop a �le system
stack that completely runs on the GPU.

7 Conclusion

We develop a GPU-orchestrated �le system namedGoFS for
managing scalable direct storage accesses to SSDs.GoFS en-
ables the GPU to share the same on-disk �le system with the
host, but redesigns core �lesystem structures that include
both metadata and data I/O management with a set of opti-
mizations forGPU-accelerated computing.GoFSoutperforms
current storage access solutions forGPUs by 1.61×on average
for various GPU-accelerated applications.
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