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Abstract

Client-side metadata caching has long been considered an
effective method for accelerating metadata operations in dis-
tributed file systems (DFSs). However, we have found that
client-side state (e.g., caching) is not only ineffective but also
consumes valuable memory resources in the deep learning
pipelines. We thus propose FalconFS, a DFS optimized for
deep learning pipelines with the stateless-client architecture.
Specifically, instead of performing client-side path resolution
and caching, FalconFS efficiently resolves paths on the server
side using hybrid metadata indexing and lazy namespace
replication. FalconFS also boosts server concurrency with
concurrent request merging and provides easy deployment
with VFS shortcut. Evaluations against CephFS and Lustre
show that FalconFS achieves up to 5.72x throughput for small
file read/write and up to 12.81 x throughput for deep learn-
ing model training. FalconFS has been running in Huawei
autonomous driving system’s production environment with
10,000 NPUs for one year and has been open-sourced.

1 Introduction

Distributed file systems (DFSs) are essential components of
modern data centers. By providing POSIX-compliant file
interfaces within a unified, hierarchical directory structure,
DFSs enable general access to underlying storage resources,
thereby simplifying storage management and facilitating data
sharing among diverse applications [3,36]. As a result, DFSs
form the foundational storage layer for critical data center ser-
vices, such as block storage and object storage [25,28], as well
as for a broad array of applications, including data processing
and analysis [39,43], high-performance computing [26, 53],
and artificial intelligence pipelines [35,47,52].

However, the POSIX interface and tree-structured directory
organization of DFSs are a double-edged sword, particularly
in the context of deep learning (DL) workloads. On one hand,
the POSIX interface is valued for its generality and conve-
nience, facilitating integration with existing applications and
frameworks. On the other hand, the POSIX interface and
hierarchical directory organization are not well-suited for
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Fig. 1: Path resolution in a typical distributed file system opera-
tion. The client checks path existence and permission by looking up
each path component, which may involve multiple remote requests.
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Fig. 2: CephFS performance of randomly traversing 64 KiB files
in a large directory tree under different client metadata cache
sizes. The left y-axis represents the read throughput, and the right y-
axis represents the number of requests sent to the MDSs (i.e., lookup
and close). The dashed line denotes the file number.

distributed environments, leading to inefficiencies in many
key use cases. Specifically, the tree-structured organization
requires frequent path resolution in DFSs. Before any file
operation, the DFS client must resolve the complete path to
locate the target file’s inode, which involves verifying the
existence and permissions of every directory along the path
(Fig. 1). As modern DFSs typically distribute directory meta-
data across multiple metadata servers for scalability, path
resolution entails multiple round-trips between the client and
metadata servers. This leads to significant request amplifica-
tion: a single file operation entails multiple network requests.

To mitigate path resolution overhead, existing DFSs em-
ploy client-side metadata caching, where clients maintain a
local cache of directory/file metadata to avoid frequent remote
lookups [4, 14,15,26,28,35,37,38,47,49]. We refer to clients
with client-side caching as stateful clients, as they maintain
metadata state locally. By caching resolved paths, stateful
clients reduce network round-trips for previously resolved

USENIX Association

23rd USENIX Symposium on Networked Systems Design and Implementation 431



and locally cached file operations, improving performance.

However, this stateful-client architecture is inefficient for
DL training workloads. Unlike general-purpose workloads
that exhibit strong locality and thus achieve high path resolu-
tion cache hit rates, DL training workloads demonstrate mul-
tiple traversals of massive directory trees, containing billions
of directories and hundreds of billions of files in production
environments, all accessed in random order.

When accessing such massive directory structures, the
stateful-client architecture faces an inherent trade-off: either
consume excessive client memory to cache the large directory
tree or suffer a severe performance drop due to request amplifi-
cation. To present this trade-off, we evaluate how the metadata
cache size affects the performance of random file traversal in
a large directory tree (shown in Fig. 2 and further explained
in §2.3). Compared to a cache that can hold all directories,
a cache only 10% as large results in a 32.5% throughput re-
duction, primarily because the lookup requests increase by
1.50x. The dilemma is exacerbated by the fact that a cache
that can hold 10% of the directories is prohibitively expensive
in production, considering the large directory tree and the
number of clients. Even when the cache can hold 90% of the
directories, an average of 1.70 network hops (i.e., the lookup
requests in Fig. 2) are required for a file open.

In this paper, we propose the stateless-client architecture,
which achieves one-hop access for most file operations in
DL workloads while requiring no client-side caching. The
core difference is that the stateless client shifts path resolu-
tion to the server side. However, to realize the stateless-client
architecture for an efficient DFS, two key problems remain
to be addressed. First, to enable one-hop access for most file
operations, the client needs an approach to finding the correct
metadata server that stores the target file’s inode. Second,
as the path resolution is now on the server side, each meta-
data server should be able to resolve paths locally, without
involving additional network hops when processing clients’
file operation requests.

We realize the stateless-client architecture in FalconFS, a
POSIX-like high-performance DFS designed for DL work-
loads. FalconFS proposes hybrid metadata indexing to ad-
dress the first key problem of locating the appropriate meta-
data server (§4.2). This approach leverages filename hashing
to place file inodes to metadata servers while achieving load
balance with selective redirections.

To address the second problem of resolving path locally,
FalconFS proposes lazy namespace replication, replicating
the whole namespace (i.e., the directory tree) to all metadata
servers (§4.3). To amortize synchronization overhead, names-
pace updates are lazily synchronized, and an invalidation-
based mechanism is adopted for concurrency control.

FalconFS further adopts concurrent request merging to
amortize operation overhead and improve concurrency (§4.4)
and VF'S shortcut to keep the stateless-client architecture com-
patible with Linux VFES for easy deployment (§5).
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Fig. 3: Overview of a DL Pipeline for Autonomous Driving.

Evaluations show that FalconFS completely eliminates re-
quest amplification and improves performance of large direc-
tory tree random traversal by up to 4.72x over CephFS [49]
and up to 3.34x over Lustre [4]. End-to-end experiments
show that FalconFS improves the throughput of DL model
training by up to 11.81x and 1.23x over CephFS and Lus-
tre, respectively. FalconFS has been deployed in Huawei’s
Al clusters with 10,000 NPUs for data labeling and model
training of the autonomous driving solution for one year.

Our main contributions are as follows.

* Analyzing IO characteristics of deep learning workloads,
pointing out the inefficiency of the traditional stateful-client
architecture.

* Proposing the stateless-client architecture and addressing
the challenges of designing an efficient DFS.

* Building FalconFS, a high-performance DFS designed for
DL workloads, and a thorough evaluation on it.

FalconFS is open-sourced at https://github.com/fal
con-infra/falconfs and https://gitee.com/openeu
ler/FalconFS.

2 DL Pipelines: 10 Patterns and Challenges
2.1 Deep Learning Pipeline

Deep learning (DL) models are widely employed in au-
tonomous driving, computer vision, and big data analysis.
To meet evolving quality demands, training pipelines have
been developed to continuously retrain models using large,
iteratively updated datasets.

Fig. 3 illustrates the architecture of the deep learning (DL)
training pipeline employed in Huawei’s autonomous driving
(AD) systems. The pipeline consists of four key stages: The
ingestion stage collects raw data from real-world environ-
ments. The labeling stage generates labels for the raw data
with a sequence of model inference tasks, including moving
objects detection, lane detection, traffic sign detection, etc.
Then, the training stage uses a labeled dataset to train the
target model for vehicle deployment. In the final archiving
stage, the dataset is moved into low-cost storage systems such
as cloud data lakes for future reference [16,31,50,52]. Similar
architectures also exist in other DL workloads [2,32,52].

2.2 Workload Patterns in DL pipelines

We take the DL pipeline for autonomous driving in Huawei
as an example to present its unique workload patterns.

432 23rd USENIX Symposium on Networked Systems Design and Implementation

USENIX Association


https://github.com/falcon-infra/falconfs
https://github.com/falcon-infra/falconfs
https://gitee.com/openeuler/FalconFS
https://gitee.com/openeuler/FalconFS

Numerous small objects in large directories. The au-
tonomous driving pipeline consumes multimodal data, includ-
ing images, point clouds, etc. During labeling and training,
these objects are stored as individual files, whose size ranges
from a few KiB to a few MiB, mostly within 256KiB. In pro-
duction, an in-flight dataset scales up to hundreds of petabytes
and is composed of over 300 billion small files. These files are
grouped into directories by timestamps, vehicle ID, camera ID,
etc., forming a directory tree with billions of directories and
large directory sizes. The huge number of files and directories
stresses the DFS’s metadata scalability and performance.

Random file traversal. In the training stage, tasks access
the dataset in a traversal and random manner. In particular,
each file is accessed exactly once in each training epoch, and
the access order is random. Such a random access pattern is
unfriendly to client caching, which we further discuss in §2.3.

Burst file access. In the labeling stage, the inference tasks
read and write files from/to FalconFS in a pipeline, involving
massive small file IO and directory lists. To fully utilize the
GPU’s parallelism, data objects are accessed and processed
in batches, resulting in burst file access in the same direc-
tory, which can lead to instantaneous load imbalance on the
metadata servers and downgrade the performance, which we
further discuss in §2.4.

Tight resource budget. CPU and memory are scarce re-
sources for computing nodes. Training tasks perform data
augmentation on CPUs, consuming significant CPU cycles
and memory resources. In production, CPU for data augmenta-
tion is often the bottleneck, and it is typical to store and reuse
intermediate results in memory to reduce CPU load [16,22].
Therefore, the resources available to DFS clients are limited.

2.3 Challenge 1: Lookup Tax

For small-file intensive workloads like DL pipelines, meta-
data performance often becomes the bottleneck. To ac-
celerate metadata operations, most DFSs employ a state-
ful client architechture that caches metadata on the client
side [4, 14, 15, 26, 28, 35, 37, 38, 47, 49]. However, this ap-
proach is inefficient for DL training workloads, as their large
directory working sets are inefficient to cache, leading to the
following dilemma.

Challenge 1: Large working sets in deep learning training
tasks create a dilemma between performance degradation
due to request amplification and excessive client memory
consumption required for caching directory metadata.

To illustrate this dilemma, we replay a trace of Resnet-
50 model training on a small dataset, comprising 10 million
64KiB files in 1 million 7-level directories, stored in a CephFS
instance with four MDSs and twelve OSDs!. A total of 512
IO threads iterate through the files in random order. As shown

lCeph MDS (metadata server daemon) and OSD (object storage daemon)
can be considered as CephFS’s metadata server and data node, respectively.

in Fig. 2, the client cache size significantly impacts both read
throughput and the number of remote requests generated.

The experiment shows that the read throughput is highly
sensitive to the client’s metadata cache size. Compared to
a cache that can hold 10% of the directories, a cache that
can hold all directories achieves 1.46x higher throughput.
Furthermore, throughput increases significantly as the cache
size grows from 10% to 100%, indicating that optimal per-
formance requires allocating sufficient memory to cache all
directories. Otherwise, performance degrades proportionally
with reductions in cache size.

The DL training workload’s sensitivity to cache size comes
from its random access nature. During each epoch, training
tasks access every data object exactly once in a random or-
der. When all directories are cached, all directory lookups
are served by the cache, reducing each file open operation
to a single metadata lookup request. However, with a small
cache size, the LRU policy preferentially retains near-root
directories, while the hit rate of last-level directories — which
constitute 90% of accesses in the experiment —- is propor-
tional to the cache size. As shown in Fig. 2, smaller caches
correlate with increased lookup requests due to cache misses.
This effect causes request amplification: each file open opera-
tion triggers multiple lookup requests to the metadata server,
bottlenecking read throughput.

In production environments, caching a significant portion
of working-set directories proves prohibitively expensive. For
instance, a production cluster in Huawei can scale over 1000
client nodes, and a typical production dataset contains billions
of directories. Given that in Linux VFS, caching a directory
takes 800 bytes (608 bytes for inode and 192 bytes for den-
try), caching 10% of 1 billion directories on each node would
require 80 GiB per node and 80 TiB in total, which is pro-
hibitively expensive.

2.4 Challenge 2: Transient Skewness

During the labeling stage, inference tasks scan and load/store
data objects in a per-directory manner, accessing all the files in
one directory and then another. This per-directory IO pattern
causes transient load imbalances, which limit performance
scalability. We illustrate this issue by performing per-directory
file access on a CephFS cluster with four MDSs and twelve
OSDs and present the results in Fig. 4(a).

We observe that when the directory size exceeds the 10
parallelism of the tasks, the DFS’s performance degrades.
Analysis of load distribution (Fig. 4(b)) shows that at a di-
rectory size of 100, the MDSs experience severe load im-
balance during read operations. This issue arises because
CephFS tends to store metadata for files within the same di-
rectory together; consequently, burst operations on files in the
same directory can congest a single MDS, leading to perfor-
mance bottlenecks. Similar patterns also exist in other DFSs
like [15,28,35,37,47].
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Fig. 4: CephFS performance of accessing 64KiB files with dif-
ferent burst size. Large burst size leads to load imbalance and
performance degradation. Fig. 4(b) shows the load variance of the
MDSs when performing read operations with burst size 100.

Challenge 2: Concurrent operations on files within the
same directory suffer from MDS congestion, hindering per-
formance scalability.

3 Proposal: DFS with Stateless Client

Given the challenges brought by DL workloads, we propose
the stateless-client architecture for DFS under DL workloads.
The stateless-client architecture abandons the cache on the
client side and moves path resolution to the server side. The
proposal is based on the following three observations. (1) A
typical DL cluster usually has far more clients than metadata
servers. In Huawei’s deployment environment, the ratio of
clients to servers exceeds 40:1. Considering that all clients
share the same dataset in DL pipelines, a server-side dentry
can serve more clients than a client-side cache. (2) Stateful-
client DFSs typically use VFS dcache and inode cache to
cache directory attributes [1,4, 15,49], which takes 800 bytes
for each directory. On the server side, a directory entry can be
maintained in a custom format that takes less than 100 bytes.
(3) The server has more memory resources than the clients
due to the tight resource budget of the computing node, as
we described in §2.2. Howeyver, to realize the stateless-client
architecture for an efficient DFS, two key problems remain.

How to find the right server? First, the client needs an

approach to finding the correct metadata server that stores

the target file’s inode. Since DFS usually partitions all inodes
to multiple metadata servers for scaling out, only the server
containing the file’s inode can complete its file operations.

DEFS thus needs to maintain the path-to-server mapping (i.e.,

the indexing), which is usually implemented in two ways.

* Path-walk indexing. Most DFSs use indexing methods that
are related to the parent directories, for example, using the
parent directory ID as (part of) the key [15,26,28,35,47]
for hashing, or indexing files in different directories with
different hashing rules [4,14,37]. These approaches require
a full-path walk to resolve inode location, and need caching
directory entries on clients to achieve better performance,
suffering the trade-off in §2.3.

* Full-path hashing [40,42] determines the target inode loca-
tion by hashing the full path. It does not require cache, but
makes directory rename prohibitively expensive due to the
relocation of all inodes in the subtree.
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Fig. 5: Architecture of FalconFS
Tab. 1: Scheme of FalconFS’s metadata.

Key Value Partition by
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inode  pid, name 1id, attr §4.2

However, none of these indexing approaches meet the re-
quirements of an efficient DFS with the stateless-client archi-
tecture, including no client cache, no extra network hops, and
practical support of directory renames. Nevertheless, these
approaches inspire us to build a hybrid indexing of hashing
and path-walking to solve the problem.

How to resolve path locally? Second, as the path resolu-
tion is now on the server side, each metadata server should be
able to resolve the path locally, without involving another net-
work hop when processing the client’s file operation request.
Since DFS scatters directory entries across multiple metadata
servers for scaling out, the dentry information of components
in a path is also scattered across multiple servers. A server re-
solving the path thus needs to communicate with other servers
to complete the resolution, which can be expensive.
Considering the characteristics of DL workloads (random
file traversal) and DL clusters (high client-server number ra-
tio and rich server memory resource), we thus propose to
replicate the whole directory tree (i.e., the namespace) on all
metadata servers, so that each server can resolve path locally.
‘We build FalconFS with the stateless-client architecture,
which eliminates client-side caching while providing one-
hop access for most operations in DL workloads with hybrid
metadata indexing and lazy namespace replication.

4 System Design

4.1 FalconFS Overview

Architecture. Fig. 5 shows the FalconFS architecture, con-
sisting of Client Module, MNode, Coordinator, and File Store.

FalconFS’s client module is a kernel module that provides
POSIX interfaces through Linux VFS. Unlike most Linux file
systems, FalconFS client avoids performing path resolution
at the client side. Specifically, FalconFS client shortcuts VFS
path walk (§5) and forwards the operation request with full
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path to MNodes according to hybrid metadata indexing (§4.2).

Metadata nodes (MNode) are PostgreSQL databases [7]
with customized extensions. We manage metadata for Fal-
conFS in the extensions using the database’s table and trans-
action management, B-link tree index, xlog (write-ahead log-
ging), and primary-secondary replication. Each MNode main-
tains a lazily synchronized directory tree structure (namespace
replica) and a partition of file attributes (inodes). Leveraging
the merits of central location as servers, MNode merges con-
current requests (§4.4) to de-duplicate shareable execution
processes for higher throughput.

The central coordinator is responsible for managing names-
pace changes (§4.3). It also runs a load balancing algorithm
to balance inode distribution across MNodes (§4.2).

File Store is a distributed block storage system that stores
file data. File chunks are distributed across a set of file store
nodes that use local file systems on SSDs to store data.

Replicated directory namespace FalconFS replicates the
file system directory structure across all MNodes, enabling
each MNode to resolve file paths and check permissions lo-
cally. The namespace replica contains entries of directory
attributes required for path resolution, i.e., dentries in Tab. 1,
and does not include file attributes. With one billion directo-
ries, the storage footprint for the namespace replica is less
than 100 GiB per MNode, which is acceptable.

Sharded file metadata In contrast to directories, we dis-
tribute all the file metadata, i.e., inodes in Tab. 1, across the
metadata servers by hybrid metadata indexing for scaling up
metadata capacity and throughput.

4.2 Hybrid Metadata Indexing

In this section, we present hybrid metadata indexing (§4.2.1)
and how to maintain load balance (§4.2.2).

4.2.1 Hybrid Indexing Methods

Hybrid metadata indexing adopts filename hashing in the com-
mon case. However, for generality, hybrid metadata indexing
considers situations where filename hashing may bring un-
even inode distribution, and adopts two fallback mechanisms

to mitigate the problem. Fig. 6 presents an overview.

Common case fast: filename hashing. To accelerate the
path resolution, FalconFS adopts filename hashing as the in-
dexing method for most cases. With filename hashing, all files
are placed via the hashing of the filename. Such an indexing
method is easy and efficient — it requires no client state and
supports efficient rename. However, filename hashing cannot
guarantee that the files are distributed evenly among different
servers, potentially causing load-imbalance issues.

Fortunately, we find that DL workloads’ large directory
size facilitates the filename hashing, significantly reducing the
occurrence of load imbalance. Specifically, DL datasets usu-
ally have a large directory size, which can be multiple times
larger than the number of MNodes. We analyze Huawei’s
in-production datasets and popular open-sourced datasets that
contain more than ten thousand files [11,13,17,27,45], finding
their directory size ranging from several hundred to hundreds
of thousands. According to the law of large numbers, given
such large directory sizes, the distribution of files in each
directory to MNodes is likely to be uniform. Consequently,
the entire namespace is statistically uniformly distributed as
the superposition of the distributions for each directory. This
forms the basis of using filename hashing as the indexing
method for the common cases in DL workloads.

Corner cases correct: selective redirection. However,
there are situations where filename hashing can bring uneven
file distribution. (a) Hot filenames: The naming convention of
applications can cause certain filenames to be more frequent
than others. (b) Hash variance: The number of unique file-
names is not far more than that of MNodes, which can lead
to unbalanced distribution due to hash variance.

To handle these corner cases, FalconFS adopts selective
redirection as a complement. For this, FalconFS maintains
a shared data structure — exception table, which specifies
which and how filenames should be redirected. There are two
kinds of redirection, targeting hot filenames and hash variance,
respectively.

* Path-walk redirection. To place files with hot filenames,
FalconFS calculates the hashing value by not only the file-
name, but also its parent directory ID. Thus, even if a hot
filename exists in many directories, the corresponding files
are placed on different MNodes. When clients identify a
file marked for path-walk redirection in the exception ta-
ble, they send requests to random MNodes. The receiving
node utilizes its local namespace replica to walk the path,
obtains the parent directory ID, and forwards the request
to the target node determined by hashing both the filename
and the parent directory ID.

Overriding redirection. When hash variance causes uneven
filename distribution across nodes, FalconFS can reassign
selected filenames to designated nodes, shifting load from
overloaded to underutilized nodes. These placement over-
rides are maintained in the exception table. Clients encoun-
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tering files marked for such redirection in the exception
table send requests directly to their designated MNodes.

FalconFS maintains copies of the exception table on each
MNode, clients, and the coordinator. The coordinator updates
the exception table according to the scheduling policy de-
tailed in §4.2.2. Once the exception table is updated, the latest
table is eagerly pushed to all MNodes, and clients lazily fetch
the updates from MNodes when they get responses to oper-
ation requests. The lazy fetching mechanism creates a time
window where clients may operate with stale exception tables
and direct requests to incorrect nodes. However, MNodes val-
idate all requests by checking their local exception table and
forward misdirected requests to the proper destinations.

A constant number of exception table entries is sufficient
to balance the distribution of inodes for arbitrary directory
structures. We provide a theoretical analysis in §A.1.

4.2.2 Statistical Load Balancing

The coordinator uses the statistics periodically reported by
MNodes to make rebalancing decisions.

Statistics. Each MNode periodically reports its local inode
count and the most frequent O(nlogn) local filenames with
their occurrence counts, where n is the number of MNodes.

Load balancing algorithm. The coordinator leverages an
algorithm to maintain load balance across nodes. The algo-
rithm aims to keep each node’s inode count below (1 +¢)
of the total inode count, while minimizing the size of the ex-
ception table. € is a parameter specified by the user used to
control the effect of load balancing.

When the coordinator detects a load imbalance using statis-
tics reported by MNodes, it conducts the load balancing algo-
rithm as follows.

1. Identify the most and least loaded nodes. Let Ny and Ny
denote the nodes with the highest and lowest inode counts,
respectively, where the inode counts are denoted as (Nyqy)
and (Npyin).

2. Select the most frequent filename in N,y as F.

3. Redistribute F. The coordinator selects from the two redi-
rection methods to approach load balancing. If we use path-
walk redirection, assuming it evenly distributes all files with
filename F to all nodes, the inode numbers of N,,,, and
Npin Will be (Nyax) — %|F | and (Npin) + %|F |, respec-
tively, where |F'| represents the number of files named F
in node Ny, If using overriding redirection for F, we
will transfer all |F| files from Nqy to Ny, yielding the
inode numbers of (N} — |F| and (Nyin) + |F|, respec-
tively. The coordinator chooses the method that minimizes
the maximum inode count. After the method is chosen,
the redirection entry is inserted into the exception table,
and the corresponding files are migrated among nodes. To
ensure metadata consistency, access to the corresponding
inodes is temporarily blocked during the migration.

4. Repeat the procedure until no further imbalance is detected.

N
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Fig. 7: Namespace Synchronization. Blue arrows represent remote
lookup and red arrows represent invalidation.

Moreover, the coordinator periodically attempts to shrink
the exception table to reduce redirection overhead. Specifi-
cally, it iterates all path-walk redirection entries in random
order, and removes the entry if removing it does not lead
to load imbalance. It then checks and removes overriding
redirection entries similarly.

4.3 Lazy Namespace Replication

Lazy namespace replication is another key enabler of the
stateless-client architecture. FalconFS maintains a consis-
tent but not necessarily complete namespace replica on each

MNode and the coordinator, enabling local path resolution.

To reduce the overhead of maintaining consistency across

all replicas, modifications to the namespace are lazily syn-

chronized, and an invalidation-based mechanism is adopted,
inspired by cache coherence protocols and Hermes [20]. The
design is guided by two principles:

* Delaying synchronization until access. Directory creation
is critical for DL dataset initialization, so the performance
is important. Eagerly replicating directory creation across
all MNodes would require expensive and unscalable two-
phase commits (2PC). Instead, FalconFS amortizes the
overhead by deferring synchronization until access.

* Using invalidation as lightweight locking. When operations
modify directory structures or permissions, concurrent oper-
ations in the sub-tree under the modified directory must be
blocked for consistency. We invalidate the corresponding
replica entry on all nodes for this instead of using traditional
two-phase locking, saving a round of request broadcast.

We will then introduce how the namespace replicas are main-

tained during related operations, including creating/removing

a directory, changing the permissions, and renaming.

Creating a directory. Fig. 7(a) shows an example of how
to create the directory /b. The client calculates the location of
/b via the hybrid metadata indexing, and then sends a mkdir
request to the corresponding MNode, i.e., MNodey. Upon
receiving the request, MNode resolves the path by querying
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its local namespace replica to check the path existence and
permissions. It also checks its inode table to confirm /b does
not already exist. Once all checks are passed, MNode creates
an inode for /b in the inode table, adds a dentry for /b to its
local namespace replica, and responds to the client.

Note that to retain the efficient single-hop processing of
mkdir, MNodey does not proactively broadcast the new dentry
to namespace replicas on other MNodes. Instead, the dentry
information is fetched by other namespace replicas on de-
mand. Specifically, when an MNode queries its local names-
pace replica for path resolution and finds a missing dentry,
it fetches the information from the owner MNode calculated
via the hybrid metadata indexing.

Fig. 7(b) shows an example. When MNode; resolves the
path /b/c, it finds the dentry for /b missing in its local names-
pace replica. It then sends a lookup request to MNodey (i.e.,
the owner MNode) to fetch the missing dentry to complete
the path resolution and continues subsequent processing.

Removing a directory. The centralized coordinator is re-
sponsible for removing a directory and invalidating corre-
sponding dentries from all namespace replicas.

In the example shown in Fig. 7(c), the client sends an
rmdir(/b) request to the coordinator. The coordinator acquires
shared locks on all ancestor directories and an exclusive lock
on the target directory to ensure path validity during execution.
It then forwards the request to the directory inode’s owner,
i.e., MNode in the figure. MNode locks /b’s inode to block
subsequent lookup requests and broadcasts an invalidation re-
quest to other MNodes. Upon receipt, each MNode invalidates
its local dentry of the target directory if it exists in the local
namespace replica. Each MNode searches its inode table for
entries whose key’s pid equals /b’s ID (i.e., /b’s children), and
responds to MNode; the existence of any children. MNode
aggregates these responses. If /b has no children, MNode
deletes the inode and notifies the coordinator, which will re-
lease locks and respond to the client. Otherwise, MNode;
returns -ENOTEMPTY to abort the rmdir.

Changing permissions. Operations altering file permis-
sions are also handled by the centralized coordinator in a
similar approach. The difference is that the owner MNode
will broadcast the invalidation requests and change the per-
mission in its inode table.

Rename. FalconFS ensures rename consistency by employ-
ing the central coordination via conventional two-phase lock-
ing and two-phase commit protocols. The client will send
rename(A, B) request to the coordinator, who will acquire
locks and conduct checks on whether the rename can proceed.
Once all checks are passed, the coordinator broadcasts to in-
validate dentries of path A and transfers the inode of A to the
MNode who is responsible for path B.

Locking and conflict resolving. FalconFS leverages names-
pace replicas to coordinate concurrent requests. When a server

(the coordinator or an MNode) processes a request, it first
resolves the path component by component in its local names-
pace replica. Dentry locks are acquired during the resolution.
To improve parallelism, the coordinator acquires shared locks
on intermediate dentries and an exclusive lock on the last com-
ponent, while MNodes acquire shared locks on all dentries. If
a dentry is missing in the local namespace replica, the server
locks the dentry after it is retrieved from its owner MNode.
Thus, concurrent requests on the same server are serialized
by these locks. Concurrent requests on two different MNodes
will not incur a data race and thus can be executed in parallel.
The last case is a request being processed on the coordinator
(Reqc) and a request on an MNode (Regqyy).

For simplicity and without loss of generality, we assume
Reqc is removing /a/b, whose inode is on MNodec, and
Reqyy is opening /a/b/c on MNodey;. During processing Reqc,
MNodec will lock /a/b’s inode and broadcast to invalidate
the dentries of /a/b in all namespace replicas. To handle the
invalidation request, an MNode will first lock the correspond-
ing dentry and then mark it as invalid. Then there are two
possible cases on MNodey;.

The first case is that Reqy already holds the lock of /a/b
when the invalidation arrives. In this case, the invalidation
will be blocked until Reqy; completes, thus Reqc is serialized
to happen after Reqy,.

The second case is that the invalidation is processed be-
fore Reqyy locks /a/b. In this case, MNodey, will find the /a/b
dentry invalid during path resolution of Reqys. MNodeys then
sends a lookup request to retrieve the dentry from MNodec,
who owns the /a/b inode. On MNodec, the lookup will ac-
quire a shared lock of the /a/b inode, which has already been
locked by Reqc. Thus, Reqy will be blocked until Regc com-
pletes, forming a correct serialization of the two requests.
Note that when processing the invalidation request, MNodey
will discard all lookup responses whose requests are issued
before the invalidation is received.

Discussion. Lazy namespace replication introduces one re-
mote lookup for access to a non-existent path. However, in
DL workloads, such negative access is rare.

4.4 Concurrent Request Merging

To further optimize the performance, FalconFS leverages the
advantages of stateless-client architecture and adopts concur-
rent request merging to scale up per-MNode throughput for
higher metadata performance. In large-scale deep learning
clusters, thousands of compute nodes generate concurrent
requests. This presents an opportunity to batch request han-
dling opportunistically, amortizing per-operation overhead —
particularly lock contention and write-ahead logging costs.
Fig. 8 illustrates the metadata servers’ request-handling
mechanism, which employs concurrent request merging. Each
MNode initializes a fixed number of database worker threads
to serve as the backend for metadata storage and prepares
a connection pool. The connection pool accepts incoming
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requests and puts them into request queues according to the
request type. An idle worker thread retrieves a queue and exe-
cutes all requests in the queue in a single database transaction,
with the following optimizations.

Lock coalescing. During path resolution, the worker thread
acquires shared locks for all directories along the path to
maintain path validity during operations, akin to the imple-
mentation of VFS and existing DFS. Prior research demon-
strates that lock overhead can be significant even without
actual blocking [47]. FalconFS mitigates this through lock
coalescing, combining lock acquisition and release operations
at per-batch granularity to reduce overhead.

Due to the tree-structured nature of the file system names-
pace, requests can share common near-root path prefixes. As
the request queue accumulates multiple operations, the worker
coalesces shared path prefixes and eliminates redundant lock
acquisitions. In Fig. 8, the three create operations each walk
two directories and one file. Rather than acquiring nine locks
separately, the worker eliminates redundant lock acquisitions
and acquires only six locks instead.

Write-ahead-log coalescing. Operations such as mkdir, cre-
ate, and close modify the inode table. To maintain file system
metadata consistency, DFSs typically warp each operation
into a separate transaction to persist in atomic [28, 34, 47].
When a transaction commits, it synchronously appends the
write-ahead log, leading to small writes that are unfriendly for
storage. In FalconFS, as concurrent operations are batched
into a single transaction, the worker coalesces small log ap-
pends into larger ones, improving the storage efficiency.

4.5 Reliability and Reconfiguration

In this section, we discuss how FalconFS supports crash con-
sistency, high availability, and system reconfiguration.

Crash consistency. FalconFS adopts write-ahead logging
(WAL) to ensure crash consistency and atomicity of opera-
tions. Any persistent updates to the MNodes are first recorded
in the WAL before being applied and visible. If an MNode
fails during path resolution, update, or migration, uncommit-
ted operations will be rolled back, and committed operations
will be recovered from the log. We leverage PostgreSQL’s
WAL mechanism to support single-node transactions and

build a customized two-phase commit protocol upon it to en-
sure the consistency of operations that span multiple MNodes.
Coordinator failure is treated the same as an MNode failure.

High availability. For the high availability of the meta-
data service, FalconFS supports majority-based replication
for MNodes and the coordinator. Each MNode and the coordi-
nator have multiple replicas, with one primary replica serving
requests and multiple secondary replicas synchronizing the
primary’s state. The state synchronization is achieved by us-
ing PostgreSQL’s physical streaming replication mechanism
to ship the primary’s WAL to the secondaries continuously.
Once a primary replica becomes unavailable, FalconFS elects
a secondary replica with the longest WAL as the new primary.
FalconFS is available as long as a majority of each MNode’s
replicas are available. Note that the majority-based replication
is orthogonal to lazy namespace replication in §4.3.

Cluster reconfiguration. FalconFS adopts consistent hash-
ing to compute inode location and supports cluster reconfig-
uration (i.e., MNode joining and leaving) accordingly. Once
the cluster needs to be resized, FalconFS migrates involved in-
odes to/from the added/removed MNodes. During migration,
FalconFS stops serving requests. FalconFS does not support
live migration since it introduces extra overhead for checking
migration status on the critical path of accessing inodes.

5 Implementation of VFS Compatibility

Compatibility with the Linux virtual file system (VES) is
important for easy deployment. However, the VFS embeds
path resolution and metadata caching logic within the kernel,
which hinders our stateless-client design. To address this, we
shortcut VFS path resolution by leveraging the semantics
the VFS already provides, enabling users to benefit from
FalconFS’s design without invasive kernel modifications.

Basicidea. The idea behind VFS shortcut is simple — when
the VFS invokes lookup() method provided by the client mod-
ule for intermediate directories in a path, the method returns
directory attributes with permission 0777 to pass VFS checks,
and when the VFS triggers the operation on the last path com-
ponent, the client module sends the full path to the metadata
servers, which perform the actual path resolution and execute
the requested operation. To implement this approach, two
challenges need to be addressed:

* Distinguishing lookup requests to intermediate directories
and the final component. The client module returns fake
attributes to the former for shortcutting path resolution and
real attributes to the latter for correctness, respectively

* Avoiding fake attributes being exposed to users. A previ-
ously returned fake attribute may be cached in the kernel
and exposed to users during subsequent operations, which
violates correctness and should be avoided.

Distinguish intermediate and final lookups. We ob-
serve that the existing semantics provided to the lookup()
method are sufficient to distinguish lookup intentions.
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Fig. 9: Workflow of VFS shortcut in FalconFS. In the figure, The
method interfaces and the dcache is simplified for clarity.

Since Linux kernel 5.7, the VFS sets the global state flag
LOOKUP_PARENT during path walk to indicate that the fi-
nal component has not yet been reached — a feature designed
initially for the kernel audit subsystem [6], and the flag is
passed to the lookup() method. If the flag is set, the client
module knows that the lookup is for an intermediate directory
and returns fake attributes (e.g., mode = 0777, along with
special uid and gid values) to pass VFS checking.

Avoid exposing fake attributes. To avoid fake attributes
being exposed to users due to cache reuse, the client module
leverages the VFS d_revalidate() method. We reserve a pair
of uid and gid to identify fake attributes. Upon a dcache hit,
the VFS invokes d_revalidate() method to validate the cached
entry. The client module then checks whether the hit entry is a
fake one via uid and gid, and whether the entry is being used
to resolve a final path component via the LOOKUP_PARENT
flag. If both conditions are met, the module fetches the real
attributes from the MNode and updates the dcache entry.

Example. Fig. 9 illustrates an example of VFS shortcut.
During a getattr operation for the path /a/b, the VFES resolves
each component sequentially. It first looks up /, which re-
sults in a dcache hit. The VFS invokes the d_revalidate()
method to validate the entry, receiving a positive response.
Then, the VFS looks up /a, which misses the dcache. The
lookup() method is called with the LOOKUP_PARENT flag
set, returning a fake attribute. Finally, the VFS looks up /a/b,
which also misses the dcache. Here, the lookup() method is in-
voked without flags. The module then issues a remote lookup
request with the full path (/a/b) to the MNode, which executes
the real path checking, executes the lookup operation, and
returns the result to the module. The module returns the result
to the VFS, completing the getattr operation.

Discussion and limitations. Our client-side implementa-
tion preserves path resolution correctness and file system op-
eration integrity, as the MNode re-executes all shortcut checks
and prevents user exposure to fake attributes. VFS shortcut
has two limitations. First, symbolic link is not supported be-
cause the clients do not follow links. Second, nested mount
points under FalconFS need special handling (i.e., recheck
directory permissions when passing the nested mount point),
which is not supported yet.

Tab. 2: Hardware configuration of the cluster.

CPU 2 x Intel Xeon 3.00 GHz, 12 cores
Memory | 16 x DDR4 2933 MHz 16 GB
Storage 2 x NVMe SSD 960 GB

Network | 2 x 100 GbE

6 Evaluation

We evaluate in this section to present the following results.

1. FalconFS provides scalable, high-performance metadata
operations (§6.2) and file 10 ( §6.3).

2. FalconFS is robust under adverse conditions like client
memory limitations (§6.4) and load skewness (§6.5).

3. FalconFS achieves balanced inode distribution across di-
verse workloads with minimal exception table size (§6.6).

4. The contribution of each design component to overall per-
formance and the impact of unfavorable conditions (§6.7).

5. The performance in real-world DL workloads (§6.8).

6.1 Environment Setup

Testbed. We conduct experiments on a cluster of 13 dual-
socket machines (configurations detailed in Tab. 2). To expand
the test scale, we abstract each machine into two independent
nodes, with each node bound to one socket, one SSD, and
one NIC, scaling the testbed to 26 nodes. We restrict server
resources to 4 cores per node to ensure clients can saturate
the servers’ capabilities.

Baseline Systems. We compare FalconFS with CephFS
12.2.13 [49], JuiceFS 1.2.1 [1] and Lustre 2.15.6 [4]. CephFS
is a widely deployed DFS in data centers. JuiceFS is an open-
source DFS targeting Al and data analytics workloads, and
we deploy it with TiKV 1.16.1 [8] as its metadata engine and
data storage. Lustre is a high-performance DFS widely used
in HPC and data centers. CephFS is accessed via the libcephfs
library due to observed instability in performance when using
a VFS mount point. JuiceFS and Lustre are accessed through
VFS mount points, as is FalconFS unless stated otherwise.
FalconFS utilizes a modified FUSE kernel module and library
that incorporates the optimizations described in §5. All DFSs
disable metadata and data replication.

6.2 Metadata Performance

We first evaluate the performance of individual metadata op-
erations in the best case, where each client accesses its own
private directory and all directory lookups hit the client-side
cache. We measure five key metadata operations, namely,
create, unlink, getattr, mkdir and rename.

Throughput scalability. We scale the number of metadata
servers from 4 to 16 and measure the peak throughput achiev-
able by each file system. To saturate the metadata servers’
capacity, we gradually increase the number of client threads
until the throughput no longer increases. When mounting
with FUSE clients, we observe that 13 client nodes are insuffi-
cient to saturate FalconFS due to bottlenecks in FUSE, so we

USENIX Association

23rd USENIX Symposium on Networked Systems Design and Implementation 439



—8— JuiceFS
(b) Stat

N
N

THP (Mops/s)
-

THP (Mops/s)
-

THP (Mops/s)
-

Lustre -->-- FalconFS-FUSE

(c) Unlink:

—m— FalconFS-LibFS
(d) Mkdir:

(e) Rmdir-

N
[e0]
o

THP (Kops/s)
N

o

K

THP (Mops/s)
=

ﬁ?

o
o
o

4 8 12 16 4 8 12 16 4
#Server Number #Server Number

#Server Number

12 16 4 8 12 16 4 8 12 16
#Server Number #Server Number

Fig. 10: Performance and scalability of metadata operations.

W CephFS JuiceFS Lustre WM FalconFS m P99

2.5
m
§ 2.0
>1.5
1e)
c
1.0
8

0.5 L] ;

create stat unlink mkdir rmdir
Fig. 11: Average latency of metadata operations.
—&— CephFS —@— JuiceFS Lustre —m— FalconFS-LibFS
(a) Creat (b) Stat:

0.6 0.6
20.4 20.4
(=} =}
= 3
o o
0.2 £0.2

0.0 0.0

8 32 128 512 2048 8 32 128 512 2048

#Client Number #Client Number

Fig. 12: Scalability with regard to concurrent clients.

present FalconFS’s performance using the LibFS interface,
enabling each client node to generate higher concurrency. We
ensure that the FUSE client and the LibFS client generate
identical requests to the metadata servers; thus, given suffi-
cient client nodes, FUSE clients would achieve comparable
performance. In production environments, client nodes typi-
cally outnumber metadata servers and can fully saturate them.
Fig. 10 shows the results.

For the operations create and unlink, FalconFS achieves
speedups of 0.82-2.26x on Lustre and higher gains on
CephFS and JuiceFS. This performance improvement stems
from two factors: (a) FalconFS does not maintain directories’
atime and mtime, eliminating the need to update directory
metadata; (b) Concurrent request merging consolidates and
persists multiple write-ahead-logging operations together, en-
hancing I/O efficiency. In contrast, JuiceFS and Lustre rely on
expensive distributed transactions to update both the file and
directory metadata. CephFS does not use distributed transac-
tions but logs writes to remote OSDs — both of which incur
significant overhead.

For getattr, FalconFS achieves 0.52-0.93 x speedup over
Lustre. The performance gain comes from that (a) concur-
rent request merging boosts server concurrency and reduces
request dispatching overhead, and (b) FalconFS’s stateless-
client architecture eliminates the need for acquiring cache
coherence locks (e.g., CephFS’s capabilities and Lustre’s in-
tent locks).

FalconFS demonstrates scalable performance for mkdir,

due to efficient invalidation-based synchronization. However,
for rmdir, FalconFS’s throughput declines as the number of
metadata servers increases. This is because rmdir requires
invalidating the directory record and querying child inodes
across all servers—an overhead proportional to the cluster
size. In contrast, CephFS, JuiceFS, and Lustre exhibit constant
overhead for rmdir, so their performance is scalable.

We observe imbalanced CPU utilization across JuiceFS’s
metadata engine nodes, indicating inefficient load distribution,
which explains JuiceFS’s poor performance scalability.

Latency. Fig. 11 presents the latency of metadata operations
across different DFSs. We deployed four metadata servers
with a single client thread issuing requests.

While FalconFS demonstrates superior throughput com-
pared to other DFSs, its latency is higher than Lustre’s. This
trade-off occurs because FalconFS employs concurrent re-
quest merging to batch operations, optimizing throughput at
the cost of increased latency. Besides, FalconFS shows high
P99 latency for rmdir for broadcasting invalidation requests
to all MNodes and waiting for the slowest response. Neverthe-
less, FalconFS’s latency is comparable to CephFS and better
than JuiceFS for operations other than rmdir.

Scalability with regard to concurrent clients. Fig. 12
presents the throughput of metadata operations with an in-
creasing number of client threads, using four metadata servers.
Due to space limitations, we only present the results of cre-
ate and getattr. FalconFS’s throughput scales well for both
operations. When the client number is no more than 256,
FalconFS’s throughput is lower than Lustre’s due to higher la-
tency. However, as the number of clients continues to increase,
Lustre’s performance saturates and FalconFS outperforms it.
FalconFS’s good scalability over client number comes from
that (a) the connection pool allows serving a large number of
connections with a few threads, and (b) the concurrent request
merging efficiently batches request executions.

6.3 Data Performance

In this section, we evaluate the performance of small-file
access. We deploy four metadata servers and twelve data
nodes, each equipped with one NVMe SSD. We saturate the
DFSs using 2560 client threads distributed across 10 client
nodes. Each thread accesses 1024 pre-created files within its
own private directory. To access a file, a client first opens it
with the O_DIRECT flag, reads or writes all data, and then
closes the file. We vary the file size from 4 KiB to 1 MiB and
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report the normalized throughput in Fig. 13.

When the file size is smaller than 256 KiB, the through-
put increases proportionally with the file size, indicating that
the metadata operation IOPS is the bottleneck. When the
file size is larger than 256 KiB, CephFS, Lustre and Fal-
conFS’s throughput hits the SSD bandwidth bottleneck of
43 GiB/s for read and 16 GiB/s for write. Thanks to Fal-
conFS’s higher metadata performance, it outperforms other
DFSs in small-file access. For files no larger than 64 KiB,
FalconFS achieves 7.35-21.23 x speedup over CephFS, 2.94—
23.53x over JuiceFS and 1.12-1.85x over Lustre. JuiceFS
does not perform well in small file access due to the ineffi-
ciency of the data storage.

6.4 Impact of Client Memory Budget

In this section, we evaluate the impact of client memory bud-
get on DFS performance under typical DL training workloads
— specifically, random file traversal in a large directory tree.
We initialize an 8-level directory tree structure where each
intermediate directory contains ten subdirectories and each
last-level directory contains ten 64 KiB files. This configura-
tion yields a total of 11.1 million directories and 100 million
files. Each DFS runs four metadata servers and twelve data
nodes. Ten client nodes, each running a 256-thread client
process, read all files in independent random orders.

We limit the metadata cache size on each client node
based on the ratio of the total size of all directories’ inodes
and dentries. For CephFS, we set the ceph.conf parameter
client_cache_size to enforce this limit. For other DFSs, we
use Control Group v2 to restrict the cache size. The cgroup
monitors the process’s userspace and kernel memory usage,
and reclaims kernel objects (e.g., dentries and inodes) when

memory consumption exceeds the threshold.

In addition to CephFS and Lustre, we evaluate FalconFS-
NoBypass, a variant of FalconFS without the VFES shortcut, to
highlight the benefit of the client-stateless design. FalconFS-
NoBypass relies on the VFS dentry and inode caches to
perform client-side path resolution. We omit the results for
JuiceFS, as its throughput drops to zero before completing
the initialization of the directory tree.

Fig. 14(a) shows the throughput of each DFS under differ-
ent memory budgets, and Fig. 14(b) presents the composition
of metadata requests. Notably, while Lustre and FalconFS ex-
plicitly send open requests to open files, CephFS sends lookup
requests for file open. For simplicity, we count CephFS’s
lookup requests to files as open in Fig. 14(b).

We make the following observations: First, the perfor-
mance of stateful-client DFSs, including CephFS, Lustre, and
FalconFS-NoBypass, is sensitive to the client memory bud-
get. There is a 1.4-1.5x performance gap between the 10%
and 100% memory budget configurations. When the memory
budget is constrained, fewer directories can be cached on the
client-side, leading to more frequent lookups, which increase
the number of requests per file access and degrade throughput.

Second, FalconFS achieves high performance even under
tight memory budgets and outperforms FalconFS-NoBypass,
demonstrating that stateless-client design effectively boosts
performance. As shown in Fig. 14(b), FalconFS generates a
constant number of requests to the metadata servers as the
cache size varies. Compared with FalconFS-NoBypass, Fal-
conFS reduces the number of metadata requests by 22.7%-—
45.9%, and improves the throughput by 0.24—0.94 x. Com-
pared with CephFS and Lustre, FalconFS improves the
throughput by 2.92—4.72x and 2.08-3.34 x respectively.

Notably, even with a 100% cache, FalconFS-NoBypass
is still 19.4% slower than FalconFS. Although this cache is
large enough to hold all directory inodes in the workload, file
inodes contend for the cache. Consequently, directory lookups
still frequently miss the cache and generate remote requests.

6.5 Impact of Transient Skewness

We evaluate the impact of transient skewness on DFS per-
formance, a common access pattern in DL labeling work-
loads (§2.4). We deploy four metadata servers and twelve
data nodes, and use a single 256-thread client node to access
pre-created 64 KiB files in bursts. A burst is defined as a se-
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Tab. 3: File and directory inode distribution of various directory
structures over 16 metadata servers.

Burst Size (ops)

inode distribution

. exception entry #
inode # P y

max min path-walk overriding
Labeling task 33320 6.99% 5.30% 0 0
ImageNet [17] 2027728 6.29%  6.21% 0 0
KITTI [13] 15003 7.01% 5.47% 0 0
Cityscapes [11] 20022 6.30% 6.22% 0 0
CelebA [27] 202599 6.54% 6.95% 0 0
SVHN [33] 33404 6.77% 5.76% 0 0
CUB-200-2011 [45] 12003 6.68% 5.95% 0 0
Linux-6.8 code 88936 6.49% 5.96% 2 0
FSL homes [41] 655177 6.83% 5.45% 1 0

quence of accesses to files within the same directory, with
adjacent bursts targeting different directories. Fig. 15 presents
the results.

We observe a degradation in the read and write performance
of CephFS and Lustre, as the burst size increases. This oc-
curs because large bursts cause instantaneous load imbalance
across the metadata servers. In contrast, FalconFS does not
suffer from large bursts, as it evenly distributes the metadata
of files within the same directory, achieving good scalability.
JuiceFS’s performance also does not degrade with increasing
burst size, as there is a constant load imbalance among its
metadata engine nodes.

6.6 Load Balance in Real Workloads

In this section, we demonstrate that hybrid metadata index-
ing achieves a balanced distribution of inodes across diverse
directory structures, with only a small portion of filenames
requiring special treatment. We evaluate inode distribution
on both DL workloads and general-purpose workloads. For
DL workloads, we analyze a dataset collected from Huawei’s
production environment, as well as six popular open-source
image datasets used in deep learning. We select these open-
source datasets by listing the most popular image datasets on a
dataset summary website [S5], and choose the first six datasets
containing more than 10,000 files. For general-purpose work-
loads, we select the Linux 6.8 source tree and FSL home
traces [41], the latter being a snapshot of students’ home di-
rectories from a shared NFS on a university campus.

Tab. 3 summarizes, for each workload, the number of
files, the maximum and minimum ratios of inodes on meta-
data servers, and the number of exception entries utilized to
achieve the distribution. As shown in the table, most work-
loads exhibit a small max—min gap with zero exception entries,

@ v

2 400 4500

K] N

<200 <250
I

T =

=

gefault |onexist edirect srale

0FaIcc:nFS no inv no merge

(a) Contribution breakdown. (b) Corner-case analysis.

Fig. 16: Performance analysis.

indicating that filename hashing alone is sufficient to achieve
balanced inode distribution in these cases. This is because
such workloads — typically datasets — have a large directory
size, which is friendly to filename hashing.

We further examine the three workloads that require ex-
ception entries. The “Linux 6.8 code tree” contains many
files with identical names. However, applying path-walk redi-
rection to the two most frequent filenames (i.e., “Makefile”
and “Kconfig”) suffices to balance the distribution. These two
filenames occur 2,945 and 1,690 times, respectively, account-
ing for 5.55% of all files in total. In the FSL home traces,
FalconFS achieves balanced load after applying path-walk
redirection to the most frequent filename, which appears 8,112
times and accounts for 1.24% of all files.

6.7 Performance Analysis

Design contributions. The contribution of the stateless-
client architecture to overall performance is demonstrated by
comparing FalconFS with FalconFS-NoBypass in §6.4. In
this experiment, we further analyze other design configura-
tions by evaluating three setups: the full FalconFS, no inv, and
no merge, incrementally reducing the design features. The
no inv configuration disables invalidation-based synchroniza-
tion, wrapping mkdir operations in a distributed transaction to
atomically create all dentry replicas across all MNodes. The
no merge setup disables concurrent request merging in addi-
tion to the changes in no inv, requiring worker threads to fetch
and execute requests one at a time. For this evaluation, we
deploy four MNodes and use LibFS clients to saturate them,
with each client accessing its own private directory. Fig. 16(a)
presents the peak throughput of the mkdir operation.

Compared to the full FalconFS, no inv decreases throughput
by 86.9%, as the distributed transaction requires multiple
rounds of broadcasts, incurring significant overhead. no merge
reduces throughput by an additional 91.8% due to increased
per-request overhead.

Corner case analysis. In most cases, hybrid metadata in-
dexing enables one-hop operations. However, there are corner
cases that require two hops: (a) operations on non-existent
paths, (b) operations on path-walk redirected filenames, and
(c) operations issued with a stale exception table. Fig. 16(b)
illustrates how these scenarios affect the performance of the
getattr operation. Compared to the one-hop common case,
these corner cases result in a 36.8%—-49.6% decrease in per-
formance due to the additional hop.
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Fig. 18: Accelerator utilization and runtime breakdown for
Resnet-50 model training. In Fig. 18(b), the stripes mark the compu-
tation time, and the bars above the stripes represent the time waiting

for I/O.
6.8 End-to-End Performance

We evaluate the end-to-end performance of DFSs in DL work-
loads for both labeling and training tasks. Each DFS has four
metadata servers and twelve data nodes.

The labeling task. We replay a trace from Huawei’s la-
beling cluster. In this trace, labeling tasks read raw images
from the DFS and write segmented images back to the DFS.
Fig. 17(a) shows the distribution of file sizes in the trace, and
Fig. 17(b) presents the runtime of the trace replay. Although
we do not replay the computation, the replay runtime closely
approximates the end-to-end runtime, as computation over-
laps with I/O, and 1I/O is the bottleneck. Compared to other
DFSs, FalconFS reduces the runtime by 23.8%—-86.4%.

The training task. We evaluate the training performance
with the MLPerf Storage Benchmark [29]. The benchmark is
configured to simulate training a ResNet-50 model on 10 mil-
lion files distributed across 1 million directories, with each file
sized at 112 KiB. The total dataset size is 1,064 GiB, and files
are read using direct I/O. Fig. 18(a) shows the accelerator uti-
lization (AU) of each DFS as the number of GPUs increases.
JuiceFsS is omitted because its throughput drops to zero dur-
ing dataset initialization. Taking 90% AU as the threshold,
FalconFS supports up to 80 GPUs, while Lustre supports only
32 GPUs, and CephFS does not meet the threshold. With 80 to
128 GPUs, FalconFS achieves training throughput speedups
of 11.09-11.81x over CephFS and 0.99-1.23 x over Lustre.
Fig. 18(b) presents the runtime breakdown of the training task.
Due to FalconFS’s high performance for random small-file ac-
cess, its I/O overlaps with computation, spending significantly
less time waiting for I/O compared to other DFSs, thereby
reducing the overall training runtime.

7 Related Works

Path resolution optimizations. Path resolution overhead
has drawn research attention for a long time. In the context of
local file systems, a series of studies propose optimizations

like full-path indexing [10,23,44] and VFS modifications [48].
These approaches optimize local data structures and cannot
be directly applied to distributed file systems (DFSs).

To accelerate path resolution, DFSs typically adopt client-
side metadata caching [4, 15,26,28,37,38,49]. InfiniFS [28]
reduces the cache misses penalty by resolving multiple path
components in parallel; however, it cannot mitigate request
amplification. Giraffa [40] and CalvinFS [42] locate inodes
by full path hashing, which makes directory renaming hard to
implement. HDFS [39] performs path resolution on a central-
ized namenode and thus has scalability issues. HopsFS [34]
performs path resolution at a proxy layer, which looks up all
path components in parallel from a distributed database, but
still suffers from constant request amplification. Our approach
differs in that FalconFS addresses scalability, request amplifi-
cation, and metadata indexing issues through a client-stateless
architecture and hybrid metadata indexing. Mantle [24], a
concurrent work of FalconFS, adopts a similar client-stateless
metadata service to object storage services. While FalconFS
scales out path resolution to all NModes, Mantle resolves path
in a per-namespace single node and has scalability issues.

Storage systems for deep learning. Previous studies pro-
pose various data loading frameworks for DL training
tasks [19,21,22,30,51]. These works optimize DL data load-
ing by unifying data access, reusing pre-processed data, and
leveraging data caching, etc. These works are task-specific
and can be deployed on top of FalconFS. DIESEL [46] is a
DFS designed for DL training tasks. Its design is based on the
assumption that the dataset’s directory tree is small enough
to be cached on every client, whereas FalconFS makes the
opposite assumption and focuses on eliminating client-side
caching. 3FS [9] is a recent DFS for Al workloads. Unlike
FalconFS, it is optimized for large data access and focuses
on optimizing the data path, while FalconFS optimizes the
metadata architecture for small-file performance.

8 Conclusion

We propose FalconFS, a distributed file system with a client-
stateless architecture for DL workloads. Evaluations show that
FalconFS achieves up to 4.72x better throughput of small file
random access and up to 11.81x higher GPU utilization in
deep learning model training over CephFS and Lustre.
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A Appendix
A.1 Theoretical Analysis

We demonstrate that hybrid metadata indexing (§4.2) achieves
an even distribution of inodes with at most O(nlogn) excep-
tion table entries — not only for DL workloads but also for
arbitrary directory structures, where n denotes the number of
MNodes. We start our discussion with strong assumptions on
the directory structure and progressively relax them.

Many filenames, identical frequency. First, we assume
that the file system namespace contains significantly more
unique filenames than MNodes, with each filename appearing
an equal number of times. Under this condition, filename
hashing ensures a statistically even distribution of inodes
across MNodes, as dictated by the law of large numbers.

Many filenames, varying frequency. Then we remove the
assumption that all filenames appear with equal frequency.
We demonstrate that by applying path-walk redirection to
the O(nlogn) most frequent filenames and applying filename
hashing to the remainder, an even distribution of inodes across
MNodes can be achieved — regardless of the underlying
filename frequency distribution.

Our proof builds upon a theorem from caching litera-
ture [12, 18], which states: for m objects randomly partitioned
across n nodes with a total query load of n -, if a cache ab-
sorbs all queries to the hottest O(nlogn) items, then no node
exceeds 7 load with high probability, independent of the query
distribution. We adapt this through constructive proof.

Consider n -t files with m distinct filenames, randomly par-
titioned across n nodes via filename hashing, and a query load
accessing each file uniformly. Now we think of the filenames
as the objects in the theorem. The query load on each filename
is proportional to the number of files with that filename. The
theorem guarantees that after removing queries for the hottest
O(nlogn) filenames, the remaining load is evenly distributed
across nodes. It indicates that files not among these hottest
O(nlogn) filenames must themselves be evenly distributed
across nodes.

Now that the theorem guarantees that files not among
the hottest O(nlogn) filenames are evenly distributed across
nodes and that we apply path-walk redirection to the O(nlogn)
most frequent filenames to ensure their even distribution, the
entire namespace must be evenly distributed.

A few filenames, varying frequency. Finally, we relax the
assumption that filenames significantly outnumber MNodes,
considering instead the case where only O(n) distinct file-
names exist in the namespace. A trivial solution for achieving
even inode distribution with at most O(n) exception entries
would be to apply path-walk redirection to all filenames, thus
completing our theoretical proof.

In practice, we avoid path-walk redirection since it intro-
duces an additional hop for file operations. Instead, our load
balancing algorithm (§4.2.2) prioritizes overriding redirec-
tion over path-walk redirection, resorting to the latter only
when necessary.

A.2 Orthogonal Task-Level Optimizations

Previous studies have proposed task-level optimizations that
change the way in which data is shuffled to make the I/O
pattern more friendly to the DFS [21,46]. Specifically, they
group data objects into partitions, and shuffle the order of
partitions and the order of objects in each partition separately
for each epoch, in order to reduce the scope of the random
access footprint.

FalconFS’s optimization is orthogonal to these task-level
optimizations. While the task-level optimizations require engi-
neering efforts on the training framework layer to implement
and constrain the way in which data are shuffled, FalconFS
satisfies the data demand of training tasks through filesystem-
level optimization, which is transparent to upper-layer tasks
and leaves sufficient room for the tasks to conduct orthogonal
designs and optimizations.
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