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Abstract—Deep neural networks are increasingly trained in a
distributed manner—in either clusters or with federated devices,
where the participants jointly refine the global model with their
gradients calculated locally. More often than not, those gradients
are collected to a central server in a synchronous manner to
avoid the negative impact of stale updates. However, when all
the participants communicate their gradients to the server in
such a uniform pace, the network on the server side—under
intense contention—often becomes a performance bottleneck. To
address this problem, for the cluster environment we propose
the Round-Robin Synchronous Parallel (R*SP) scheme, which
coordinates the participants to make updates in an evenly-gapped,
round-robin manner. This way, we can minimize the network
contention with a minimum cost of the update quality; we also
propose to incorporate adaptive batch sizing in RSP to address
the hardware heterogeneity among workers. Moreover, for the
federated learning (FL) scenarios, we note that it is necessary
yet challenging to apply the insight of RSP to mitigate the
network bottleneck in the FL server, given that there are a huge
number of participants with unstable resources and inconsistent
data distributions. To tackle those challenges, we further propose
FL-R2SP, which extends the coordination units from individual
participants to participant groups—with the resource instability
and data heterogeneity tackled within each group. We have
implemented R2SP and FL-R2SP respectively with TensorFlow
and PyTorch, and extensive EC2 experiments show that R*SP
and FL-R2SP can respectively speed up model convergence for
clustered and federated scenarios by over 20%.

Index Terms—Distributed machine learning, synchronization,
network bottleneck, federated learning.

Received 17 February 2024; revised 12 May 2025 and 30 October
2025; accepted 8 December 2025; approved by IEEE TRANSACTIONS ON
NETWORKING Editor O. Yagan. Date of publication 17 December 2025;
date of current version 2 February 2026. This work was supported in
part by the National Natural Science Foundation of China (NSFC) under
Grant 62432008 and Grant 62202300; in part by the Research Grants
Council (RGC) Research Impact Fund (RIF) under Grant R6021-20; in
part by RGC Theme-Based Research Scheme (TRS) under Grant T43-
513/23N-2; in part by RGC Collaborative Research Fund (CRF) under Grant
C7004-22G, Grant C1029-22G, and Grant C6015-23G; in part by NSFC/RGC
under Grant CRS_HKUST601/24; and in part by RGC General Research
Fund (GRF) under Grant 16207922, Grant 16207423, and Grant 16203824.
The preliminary version of this article, titled “Round-robin synchroniza-
tion: Mitigating communication bottlenecks in parameter servers” [DOI:
10.1109/INFOCOM.2019.8737587], was published in IEEE INFOCOM.
(Corresponding author: Chen Chen.)

Jiayi Zhang, Chen Chen, Zuo Gan, and Minyi Guo are with the School
of Electronic Information and Electrical Engineering, Shanghai Jiao Tong
University, Shanghai 200241, China (e-mail: jiayizhang@sjtu.edu.cn; chen-
chen@sjtu.edu.cn; gz944367214 @sjtu.edu.cn; myguo@sjtu.edu.cn).

Wei Wang and Bo Li are with the Department of Computer Science
and Engineering, The Hong Kong University of Science and Technology,
Hong Kong (e-mail: weiwa@cse.ust.hk; bli@cse.ust.hk).

This article has supplementary downloadable material available at
https://doi.org/10.1109/TON.2025.3644644, provided by the authors.

Digital Object Identifier 10.1109/TON.2025.3644644

I. INTRODUCTION

HE recent years have witnessed the wide success of Deep

Learning (DL) [2] in many practical applications, such as
image classification [3], [4] and speech recognition [5], [6].
With the ever increasing data volume and model complexity,
DL models are overwhelmingly trained in a distributed manner
(in a dedicated cluster [7] or with a set of federated devices
[8]). Parameter Server (PS) is a typical architecture for dis-
tributed model training [9], [10], [11], [12], where a number
of parallel participants iteratively compute their local gradients
and refine the global model via remote communication.

Regarding the coordination of different participants, Bulk
Synchronous Parallel (BSP) is a common scheme adopted in
many model training practices [13], [14], [15]. Under BSP,
participants synchronize with the server at the same pace:
they will not proceed until the global model is fully refined
with their updates. This ensures that those workers can make
high-quality model refinements in each iteration, because they
always share the up-fo-date parameters.

Under the BSP scheme, network contention arises as a
main source of the communication bottleneck. In distributed
machine learning systems with homogeneous devices, workers
synchronize at roughly the same time, contending for the
network bandwidth of the server. Consequently, each worker
has to bear low bandwidth, delaying the entire iteration (i.e.,
low hardware-efficiency). To address this problem, an intuitive
approach is to remove the synchronization barrier so that
workers can communicate at different times.

A naive implementation of this approach goes to the ASyn-
chronous Parallel (ASP) scheme [14], [16], where each worker
communicates with the server asynchronously and proceeds
to the next iteration without waiting for the others’ updates.
However, the ASP scheme falls short in two aspects. First,
without coordination, network transfers from different workers
might randomly collide with each other, leading to suboptimal
contention mitigation effect. Second, without synchronization,
the computation often iterates on stale model parameters,
which may drive the updates away from the optimum and
thus require more iterations for the model to converge [17],
[18], [19] (i.e., low statistical efficiency).

In this paper, our goal is to (1) minimize the network con-
tention in distributed machine learning systems for improved
hardware efficiency, while (2) attaining near-optimal sta-
tistical efficiency by minimizing the extent of parameter
staleness. To this end, we propose a simple yet effective
participant-coordinating scheme—Round-Robin Synchronous
Parallel (R?’SP). Under R2SP, workers make updates to the
server in a fixed round-robin order, and those updates are
evenly staggered with each other. This approach provides
two benefits. First, by evenly staggering workers’ network
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transfers, instantaneous contention for the server bandwidth
can be minimized. Second, by coordinating workers to make
updates in a fixed round-robin order, R2SP can bound the
parameter staleness by a minimum amount, which, we show
both theoretically and empirically, achieves much better sta-
tistical efficiency than existing asynchronous schemes.

We further generalize the design of R?SP to clusters
with heterogeneous GPUs—a possible case in reality due to
local inventory shortage or improper resource allocation [19],
[20], [21], [22]. Owing to such heterogeneity, those workers
would possess diverse computing capabilities. Directly apply-
ing R2SP can be inefficient: fast workers finish computations
quickly, but have to wait long for their turn to make update to
the server. We address this problem with batch size tuning. In
a nutshell, we assign fast workers with large sample batches,
so as to keep them busy in the entire iteration. As fast
clients now do more useful work without idling under the
R2SP scheme, the model convergence speed can be further
accelerated.

While R2SP is primarily proposed for cluster environment,
we notice that the basic idea of R?SP is also needed by
Federated Learning (FL) [23], [24], which has recently become
a very hot research topic. In many real-world scenarios, the
training samples cannot be accessed out of their original loca-
tions (i.e., cellphones or hospitals); FL is thus proposed as a
privacy-preserving training scheme that allows edge devices to
collaborate without disclosing their private data. In particular,
FL also employs a PS-like architecture, with a FL server that
collects the updates from edge devices. Meanwhile, similar to
the PS architecture, most FL practices employ the BSP scheme
for client coordination [24], [25], [26], [27]. As reported by
Google [27], the FL server for realistic applications may need
to deal with a population size of hundreds of millions; in
that case, the network on the FL server may also become a
performance bottleneck [28], [29], [30].

However, it turns out to be a non-trivial task to apply
R2SP in FL scenarios. RZSP requires that all the participants
be well controlled—each participant under R?SP shall push
and pull the model updates at the dictated time. However,
in FL scenarios, the available resources on client devices
may fluctuate drastically, making their behaviors highly unpre-
dictable; worse, some clients may even lose connection in
the middle. Hence, it is actually impossible to make update
coordination at the client granularity. Moreover, another plagu-
ing problem of FL is data heterogeneity: contrary to cluster
environment where data is well shuffled across different
workers, in FL scenarios the local datasets of some clients
may be highly skewed, being poisonous for global model
convergence.

To address these challenges, we customize the vanilla R2SP
strategy for FL scenarios and propose Federated Learning
Round-Robin Synchronous Parallel, or FL-R>SP. The primary
insight of FL-R2SP is to extent the coordination granularity
from individual clients to client groups. FL-R>SP randomly
binds each FL client to a group: within a group, client updates
are aggregated in a synchronous manner as in BSP; yet across
different groups, such aggregations are triggered in a round-
robin manner as in R2SP. This way, we can evenly multiplex
the server-side network usage despite unstable client partic-
ipation. FL-R?SP further deals with the stragglers and data
outliers within each group—by enabling fractional gradient
aggregation and filtering out the poisonous gradients with
cosine-similarity analysis.
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We respectively implement R?SP and FL-R?SP atop Ten-
sorFlow [10] and PyTorch [31]. For R2SP, EC2 deployment
atop 16 GPU-workers (g3 . 4x1large instances) demonstrates
that it can reduce the iteration time by more than 30%,
with an overall convergence speed up of 25%. Meanwhile,
with batch size tuning, R?’SP can further speed up model
convergence by 40% in a heterogeneous cluster. Regarding
FL-R2SP, evaluations in an emulated FL setup with 128 clients
show that, FL-R2SP can remarkably enhance the server-side
bandwidth utilization, reducing the average communication
time by over 86% and speeding up model convergence by
over 20%.

II. RESEARCH BACKGROUND
A. Distributed Training in Cluster or Federated Scenarios

Model training is a crucial process for Al innovations. Given
a neural network model, the goal of the training process is
to find the model parameters that minimizes the loss function
over the entire training dataset. Mini-batch Stochastic Gradient
Descent [16], [32], or simply SGD, is the state-of-the-art
algorithm to train model parameters. Its basic idea is to
iteratively refine the model parameter with the worker updates.

Many real-world deep learning tasks have very large
datasets, and the deep neural networks are usually trained
in a cluster of machines. Nowadays, two typical cluster
architectures for distributed model training are all-reduce and
parameter server (PS). In all-reduce architecture [15], [33], all
the participants exchange their local gradients in a peer-to-peer
manner, which is prone to single point of failure; in contrast,
PS architecture [9], [10], [11], [12] is more robust and flexible,
which is the focus of this paper. In the PS-based systems,
the training datasets are distributed to a number of worker
machines, and the model parameters are stored on one or mul-
tiple servers. In each iteration, a worker pulls the latest model
parameters from the PS, computes the local update (gradient)
based on its sample batch, and finally pushes the gradient to
the PS to refine the parameters. Regarding the pace control of
different participants, BSP (Bulk Synchronous Parallel) is the
most commonly adopted synchronization scheme. It imposes
a synchronization barrier, with which workers cannot proceed
to the next iteration before the parameters are fully updated.

Apart from distributed learning in cluster environments,
where the ML practitioners have full control over the training
data, in many real-world scenarios, the training samples are
privacy-sensitive and must be kept where they were generated.
To train models without centralizing such private data, an
increasingly popular technique is FL [23], [24]. Under FL,
clients compute model updates locally and there is a central
server that periodically aggregate their updates, typically also
in a synchronous' manner as in the PS architecture.

B. Communication Bottlenecks in Distributed Training

While BSP is commonly adopted for distributed model
training, a severe performance problem it suffers is the com-
munication bottleneck at synchronization time.

IRecently, asynchronous client coordination is also adopted by some
research works [34], [35], [36], yet it is prone to stale updates (yielding
low accuracy as confirmed in our evaluations in Sec. VI-B2), and usually
requires additional client control mechanisms for remediation. Moreover,
asynchronous aggregation is not friendly to encryption (for example, a premier
privacy enhancing technology—secure aggregation [37]—is not supported in
asynchronous mode). To date, BSP is still the mainstream client coordinating
scheme for FL [24], [25], [26], [27], [38], which is the focus of this paper.
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TABLE I

COMMUNICATION DOMINATES THE LEARNING TIME WHEN TRAINING DL
MODELS IN A CLUSTER WITH 8 GPU-WORKERS

ResNet32 | AlexNet | VGG16 | Inception-v3
Communication-
Blocking Time 0.11s 2.89s 9.04s 1.27s
Iteration Time 0.23s 3.39s 9.74s 1.97s
Communication 47.8% | 85.2% | 92.8% 64.5%
Overhead

Empirical study on communication bottlenecks in clus-
ter environment. In cluster environments, as the training in
each iteration gets dramatic speedup (usually in sub-seconds)
by GPU accelerators, workers and the PS need to frequently
exchange updates/parameters. We empirically quantify the
impact of communications through EC2 deployment with 2 PS
nodes’ and 8 GPU workers interconnected by 10 Gbps links.
Each PS node is a ¢5.9xlarge instance (36 vCPUs and
72 GB RAM); each worker node is a g3.4x1large instance
(one NVIDIA Tesla M60 GPU and 16 GB GPU memory). We
trained four popular image classification models in TensorFlow
[10] using the BSP scheme: ResNet32, AlexNet, VGG16,
and Inception-v3. We used CIFAR-10 [39] datasets for the
first three models and ImageNet [40] for the last. The model
parameters are equally partitioned between the two PS nodes.
We trained each model in 100 iterations and measured the
mean iteration time and the communication-blocking time. The
latter measures how long in an iteration the training is blocked
by communications between workers and the PS.

Table I summarizes our measurement results. Across the
four models, workers spent most of time communicating
with the PS nodes. Notably, in AlexNet and VGG16 models,
the communication overhead, defined as the communication-
blocking time normalized by the iteration time, even exceeds
85% and 90%, respectively.

Empirical study on communication bottlenecks in feder-
ated environment. For federated learning scenarios, we have
also observed similar performance degradation. In typical FL
scenarios [27], [35], [38], there is a large number of low-
end devices concurrently interacting with the FL server. While
many existing works [41], [42], [43] focus on mitigating the
transmission delay for the FL clients, we find that the FL
server may also be a performance bottleneck due to intense
network contention. As reported by industrial FL practitioners
like Google [27] and Meta [35], FL often involves up to
millions of clients; although the model size for FL is usually
smaller than that in clusters, such a huge client quantity would
easily incur severe network contention, especially when the
server® pushes back the latest model parameters to all the
selected clients simultaneously.

2Communication is still a bottleneck when one PS shard is co-located with
one worker, because in synchronous mode, all the workers would concurrently
pull/push the parameters stored in one PS shard at a time.

3In some practices [27], [29], [44], the FL server may be a set of machines
(organized hierarchically, like the MasterAggregator-Aggregator
architecture in [27] and the CloudServer-EdgeServer architecture in
[29]). Yet, that does not cancel out the need to mitigate server-side network
bottleneck in FL. First, if server machines are located within a local zone (like
in [27]), the incast problem may occur at the ingress link of that zone. Besides,
given the large client number, the population each server machine needs to
take charge of is still quite large, and the number of middle-level servers may
also be too large for final aggregation. In fact, our solution is compatible to the
hierarchical server architecture: BSP can be replaced by R2SP in whichever
level the network contention causes a bottleneck. For simplicity, we focus on
single-machine FL server in this paper.
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TABLE I

WHEN TRAINING 3 MODELS WITH 128 CLIENTS AND 1 FL SEVER
(10GBPS LINK), THE AVERAGE CLIENT COMMUNICATION TIME IS
SLOWED DOWN OF UP TO 34X COMPARED TO THE CASE WITHOUT
SERVER-SIDE NETWORK CONTENTION (I.E., WITH
ONLY 1 CLIENT)

CNN LSTM | ResNet20
Commumcahop-Tlme 1.02s 0.43 1.985
w/ Contention
Commumcatlon_—Tlme 0.03s 0.03s 0.13s
w/o Contention
Communication 34.0x | 14.3x 15.2x
Slowdown

To verify the existence of server-side communication bottle-
necks in FL, we further resort to empirical measurements in a
EC2 cluster emulating realistic FL setups. That cluster contains
128 t2.small instances as FL clients and 1 m5.4xlarge
instance as the FL server (with an ingress bandwidth of up
to 10Gbps). With that cluster we train three models under
the BSP scheme: CNN, LSTM and ResNet20, and each client
reports its update to the FL server once after every 50 local
iterations (please refer to Sec. VI-B for detailed information
of the models, datasets and other hyper-parameters). We train
each model for 2000 seconds and measure the average commu-
nication time in each round (with synchronization waiting time
excluded), which is compared with the ideal case with only
one client (i.e., without server-side network contention). As
shown in Table II, when competing with other clients for the
server-side network bandwidth, we can witness a slowdown of
up to 34x. Such results confirm the need to mitigate server-
side communication bottlenecks for FL.

C. Prior Solutions and Their Limitations

To mitigate the network bottleneck under BSP, several addi-
tional synchronization schemes, like Asynchronous Parallel
(ASP) and Stale Synchronous Parallel (SSP), have also been
proposed. ASP [14], [16] removes this barrier and allows
workers to asynchronously start the next iteration without wait-
ing for the updates from slowed workers. While asynchrony
improves hardware efficiency (i.e., makes short iterations), it
harms statistical efficiency (i.e., requires more iterations for
model convergence) as the computation may use out-of-date
(stale) parameters. SSP [17], [45] comes as a middle ground
between BSP and ASP. It allows asynchronous training with
stale parameters, provided that the progress gap between the
fastest worker and the slowest is within a bounded amount.
While ASP and SSP can mitigate the network contention
to some extent, they however incur the problem of stale
parameters, which would require more iterations for the model
to converge. Besides, SAFA [46] comes as a semi-synchronous
scheme, which enforces rigid synchronization within a par-
ticipant subset and allows asynchronous updating for the
other participants; those asynchronous updates are selectively
collected based on the actual staleness level. However, it does
not fundamentally eliminate the problem of network con-
tention and stale parameters; more iterations would be needed
for convergence. Moreover, no methods can minimize the
bandwidth contentions: without explicit coordination, workers
may still have communication collisions from time to time.

Following the above discussions, we ask: can we have a con-
tention mitigation scheme that improves hardware efficiency
while still retaining near-optimal statistical efficiency? We
give an affirmative answer to this question in later sections.
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downlink and uplink (VGG16).

III. MOTIVATION

A. Network Contention Deep Dive

To understand how the communication bottleneck is formed
under the BSP scheme and why it is so dominant, we resort
to a deep-dive experiment focusing on the network behaviors
between workers and the PS. In particular, for each PS node,
we measured the bandwidth usage of its uplink (outbound to
workers) and downlink (inbound to PS) during the training
process. Fig. 1 depicts our measurement results for VGG16 in
a randomly selected interval spanning 40 s. For ease of presen-
tation, we also depict the total amount of traffics contributed by
worker-1 and worker-2. The bandwidth usage statistics were
collected every 100 ms. We make two observations as follows:

1) Synchronized communication results in severe network
contention, forcing each worker to transfer at low band-
width. Under the BSP scheme, workers synchronize
at the end of each iteration and compete for the link
bandwidth of the PS. As shown in Fig. 1, each worker
only receives 1/8 of the total available bandwidth in
both the uplink and downlink, substantially delaying the
network transfer.

2) Synchronization results in uni-directional traffics at a
time, wasting bandwidth in full-duplex links. Network
connections in today’s datacenters are full-duplex links
[47], [48], meaning that the uplink and downlink band-
width are two independent resources that can be utilized
concurrently. In the presence of the synchronization
barrier, however, workers are forced to communicate
in one direction at a time—all pushing updates before
the barrier and pulling parameters after it. Therefore, as
shown in Fig. 1, the uplink/downlink is wasted in idle
for more than 50% of iteration time.

In summary, the synchronization barrier imposed by the
BSP scheme results in intense network contentions along with
low bandwidth utilization.

B. Insights

Intuitively, if the network contention under BSP can be mit-
igated, we would expect salient training speedup. To illustrate
the potential benefits of doing so, we consider an extreme
setting where we purposely disabled 7 workers but used
only one to perform training, for which there is no network
contention. We trained four DL models and measured the
iteration time the worker spent. As shown in Fig. 2, the worker
is capable of achieving 25-60% speedup over the original
setting where it has to contend for bandwidth against the other
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7 workers.* This promising result motivates us to explore ways
to mitigate network contentions via relaxed synchronization;
with relaxed synchronization, it is possible that we minimize
the network bottleneck with a slight staleness level.

To summarize, our solution should achieve two objectives.
First, it should minimize the network contentions to accelerate
DL iterations. Second, as this can only be achieved via relaxed
synchronization, we shall minimize the negative impact of
such relaxation on the statistical efficiency, by restricting the
parameter staleness caused.

The remainder of this paper is organized as follows. In
Sec. IV, we propose Round-Robin Synchronous Parallel
(R’SP) to mitigate the server-side communication
bottleneck—in GPU clusters and also for FL scenarios.
We describe our implementation details for the two scenarios
in Sec. V, and further evaluate their performance respectively
in Sec. VI-A and Sec. VI-B. Finally, we summarize the
related work in Sec. VII and conclude in Sec. VII.

IV. ROUND-ROBIN SYNCHRONIZATION

In this section, we present Round-Robin Synchronous Par-
allel (R?SP) scheme, for easing the communication bottleneck
at a minimum cost of statistical efficiency. We first present our
solution for cluster environments, and then customize it for FL
scenarios.

A. R’SP in Cluster Environments

The RSP scheme employs two control mechanisms that
respectively control the femporal gap between consecutive
updates and the update order. Specifically, to minimize net-
work contention, the R>SP scheme enforces a temporal gap
between consecutive updates so as to evenly stagger worker
updates throughout the training process. Meanwhile, to min-
imize the parameter staleness, R2SP coordinates workers to
make gradient updates in a fixed round-robin order. We next
elaborate the two control mechanisms in detail.

1) Control Inter-Update Gap for Minimum Contention:
To minimize network contentions, we shall minimize the
number of contending workers that communicate with the PS
simultaneously. This can be achieved by evenly staggering the
worker-PS communications throughout the training process.
To do so, the RSP scheme enforces a temporal gap between
two consecutive worker updates made to the PS. More pre-
cisely, let N be the number of workers and 7' the timespan of
a training iteration. In a homogeneous cluster with a uniform
batch size, each GPU worker has the same timespan 7' as it

4The price paid is the reduced image processing throughput as only one
worker is used for training. The purpose of this experiment is to illustrate the
potential benefits of eliminating network contention.
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Fig. 3. Under R%SP, the three workers make updates and start to pull
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Fig. 4. When workers make updates asynchronously, each worker would
miss some recent updates from others. Under SSP, given 3 workers and the
bound on progress gap being 1, the worst-case staleness is 4; under RSP, by
enforcing workers to updated in a fixed round-robin manner, that worst-case
staleness is reduced to 2.

iterates over the same number of data samples. The PS nodes
hence expect N updates received in a period of 7' time, and
the gap between two consecutive updates is set to 7'/N.

We refer to Fig. 3a as an illustrative example. It depicts
how three workers iteratively update their gradients and pull
the latest model parameters from the PS under the RSP
scheme. The three workers are scheduled to synchronize with
the PS individually, each separated by an inter-update gap of
%. This coordination results in no more than two contending
workers throughout the training iterations. In comparison,
with the BSP scheme shown in Fig. 3b, all three workers
contend for bandwidth at the same time, leading to prolonged
communication time due to severe network congestion.

2) Control Update Order for Minimum Staleness: While
enforcing the above inter-update gap can mitigate the commu-
nication bottleneck, the resultant asynchrony poisons statistical
efficiency. Next, we further show that, by controlling the
worker update order, R?SP can minimize the negative effect
of such asynchrony on statistical efficiency.

Asynchrony impairs the statistical efficiency due to the
problem of stale parameters. Under an asynchronous scheme,
a worker calculates its local update (gradient) without seeing
the latest updates from the others. Hence, that update is actu-
ally based on stale, out-of-date parameters, which inevitably
diverges the model refinement away from the optimum [17],
[18], [19]. In particular, the more updates a worker misses,
the more poisonous its update is, and in general the lower
the statistical efficiency of the training process [17], [19].
Therefore, to preserve good statistical efficiency, we shall try
to minimize the worst-case staleness, which is defined as the
maximum number of updates possibly missed by any worker.

An intuitive solution is to impose a tight bound on the
progress gap (measured by the number of iterations) between
the fastest worker and the slowest one, similar to SSP [17].
Fig. 4a depicts an example where the progress gap is bounded
by 1 iteration, the minimum one can expect for asynchronous
schemes. In the figure, we denote by u} the k™ update

3001
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2z 6| — P2.xlarge z — p2.xlarge
2 26H
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(a) ResNet32 on CIFAR-10 dataset  (b) Inception-v3 on ImageNet dataset

Fig. 5. Relationship between iteration time and batch size for different models
and different EC2 instance types.

worker-i makes at the end of the k™ iteration. Owing to the
bound, worker-1 (i.e., the fastest worker) after pushing its Eth
update, can proceed to the (k + 1)™ iteration only when the
other two workers have already entered the k" iteration.

However, imposing such a tight, minimum bound on the
progress gap is still suboptimal for minimizing staleness,
because it suffers from the problem of out-of-order updates.
As a possible update sequence, in Fig. 4a, while worker-1 is
the first to push the k" update among the three workers, its
next update uj 41 comes as the last among the three. Such
a disorder does not violate the bound on progress gap, but
degrades the worst-case staleness to 4 (in Fig. 4a, worker-1
has missed 4 updates when reporting u, 1)

To address this problem, in RSP we require that workers
make updates in a fixed round-robin order. As shown in
Fig. 4b, in any iteration & the three workers push updates in the
order of u,lc, u%, u% This results in the minimum worst-case
staleness: each worker misses only two updates from others.
In general, given N workers, the worst-case staleness under
the R?SP scheme is N — 1, as opposed to 2(N — 1) under the
SSP-like scheme. We next show in theory that RSP results
in higher statistical efficiency than SSP.

3) Batch Size Tuning in Heterogeneous Clusters: So far,
our discussions were limited to homogeneous clusters where
all GPU workers have the same computing capability. While
this is usually the case in practice [9], [10], [11], [12], it
is not uncommon that many DL models were trained in
heterogeneous clusters with different generations of GPUs
[19], [20], [49]. For example, a budget-limited user might use a
combination of whatever GPU instances it can find in the EC2
spot market offering high performance-cost ratio, regardless
of their types. In such heterogeneous clusters, when applying
our R2SP in the distributed DL process, one problem is the
resource wastage. This is because existing DL frameworks
[10], [11] enforce a uniform batch size across workers. As
GPUs are of different computing capabilities, their batch
processing time can be highly divergent. This is confirmed
in Fig. 5, where we measured the iteration time against
batch size for ResNet32 and Inception-v3 using different EC2
GPU instances. As shown in Fig. 5a, different instances take
different time to iterate over a batch of 1000 samples. As
workers now have different iteration time 7', the inter-update
gap (T/N in Sec. IV-Al) is determined by the slowest worker
(i.e., the one with the longest 7"). Consequently, fast workers
have to wait for their turn to come as they finish iterations
earlier, hence wasting their computing cycles and impairing
the learning efficiency.

To address this problem, we propose batch size tuning for
heterogeneous clusters. Our key insight is to adaptively tune
each worker’s batch size based on its computing capability, so
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as to equalize their iteration time. That is to say, the faster a
worker is, the larger batch size it shall have. Referring back to
Fig. 5a, suppose initially the batch size of the three instances is
1000. As p2.xlarge and g3.4x1large instances are faster
than g2 .2xlarge, we respectively increase their batch sizes
to around 1500 and 2200, so that all three instances finish an
iteration with similar time costs. Batch size tuning is designed
based on the linear relationship between a worker’s batch size
and its iteration time, as also revealed in Fig. 5. That linear
relationship represents the speed that training samples are
processed, which is stable for a GPU instance when training
a given DL model. Therefore, given the potential idle time of
a fast worker and its sample processing speed, we can easily
work out how to tune its batch size to keep it busy during
training without delaying others.

Moreover, when incorporating batch size tuning into RSP,
we adopt a linear scaling rule on the learning rate, similar
to [15]. That is, after we increase a worker’s batch size, we
also proportionally scale up its learning rate when refining
the model with that worker’s gradient. This way, we can
guarantee that each sample has the same level of influence
on model refining so that biased results can be avoided. Intu-
itively, for well-shuffled i.i.d. (i.e., independent and identically
distributed) data samples, we can expect improved learning
efficiency with batch size tuning. This is because it enables
more samples processed by workers in each iteration, and
under the i.i.d. condition, each sample is expected to have a
similar contribution to model convergence. We shall illustrate
this benefit through empirical studies in Sec. VI-A3.

4) Convergence Analysis: We then analyze the convergence
properties of R?SP. We note that given the smoothness and
bounded-gradient assumptions, the convergence validity of
R2SP can be theoretically guaranteed for general non-convex
models. Due to the space limitation, we only state the assump-
tions, lemma and theorem here; please refer to our appendix
(see Supplementary Material) for the detailed proofs of the
lemmas and theorems.

Assumption 1: (Smoothness): The loss function F(x) is
B-Lipschitz smooth, i.e., |VF(z) — VF(y)|| < B|lz — y||.

Assumption 2: (Bounded Gradient): The model gradients
are bounded as ||V F(z)||> < o2 where o is a constant.

Given these assumptions, we can get the following lemma:

Lemma 1: For any iteration & > 1, under Assumption 1 and
Assumption 2 it holds that

i1 80
~ kllk—1
| Tk — H§272 : (1)
k=1

We can further derive the following theorem on the conver-
gence validity of R>SP:

Theorem 1: (Convergence Property): Under Assumption 1
and Assumption 2, if one chooses a learning rate schedule
such that for any iteration ¢ > 0:

t—1

772
> -k <p, 2)
o VI

for some constant D > 0, then after running 7T iterations in
R?SP, we have:
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The above theorem implies that model training under RSP
can converge when 7, satisfies:

T 2
lim 2=t g 4

T
lim E Nk = oo and
T
T— 00 Pt T— o0 Zk:l Mk

Therefore, we can set, for example, 1, = O (k_%) which sat-

isfies the conditions in Eq. 4, and the model convergence can
be guaranteed under R?SP. We also analyze in our appendix
(see Supplementary Material) why RSP can theoretically
attain a better convergence performance than SSP.

B. Applying R*>SP in Federated Learning Scenarios

In recent years, Federated Learning (FL) is booming as an
effective paradigm that allows clients to jointly train a model
with data privacy preserved. In this section, we extend the
idea of R?SP to FL scenarios, and propose Federated Learning
Round-Robin Synchronous Parallel (FL-R2SP).

1) Challenges to Apply R’SP in FL: Given the communi-
cation bottlenecks at the FL server, it is a natural idea to apply
R2SP for FL. Yet, we find that R2SP is however not directly
applicable due to the distinct characteristics of FL.

First, the behaviors of FL clients are highly unstable.
In cluster environment, GPU workers’ performance is quite
stable, and that is why R2SP—by strictly dictating () which
worker to pull the model next and (2) at what time—can evenly
interleave the workers’ network transmissions. In contrast, in
FL environment, a client’s computing capability may vary
drastically within a round, and it may even drop offline for
reasons like power outage or network failure. In that case, if
we force the FL server to wait for a designated client to make
the next update as in R?SP, the FL process may be severely
slowed down (if the expected client returns its update very
late) or even halt (if that client unfortunately loses connection).
Therefore, our R?SP-style solution for FL must be robust to
such client dynamicity.

Second, the data distributions on different FL clients might
be highly heterogeneous. In cluster environment, the entire
dataset is well shuffled before being partitioned to each worker,
and in this way all the workers can be treated indiscriminately
in aggregation. However, in FL scenarios, the data samples
are private to each client; generated under heterogeneous user
pReferences or environments, the data samples on different FL
clients are often non-I1ID [23], [24], [50]. In particular, the local
datasets of some clients may be highly skewed compared with
others, and their updates would be poisonous for global model
convergence [42], [51], [52]. Therefore, even when those data
outliers possess good system capability, we shall identify and
eliminate them from our round-robin coordination for high FL
accuracy.

In a nutshell, when mitigating the server-side communica-
tion bottleneck of FL, we need to simultaneously address the
system instability and statistical heterogeneity of FL clients.
To that end, we customize the previous R?SP design for FL
and propose FL-R2SP, which will be elaborated next.

2) FL-R’SP Design: The key innovation in FL-R?SP design
is the concept of client group, which provisions a stable
handle for communication interleaving when facing unstable
and heterogeneous FL clients. In this subsection, we first show
how to make communication coordination across different
groups, and then show how to handle system instability as
well as statistical heterogeneity within each group.
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Fig. 6. An illustrative figure of FL-R?SP with 3 groups. FL-R?SP is composed
of two control levels: synchronous aggregation within each group, and R?SP
coordination across different groups. In particular, to tackle system instability
and data heterogeneity, we avoid aggregating the updates from stragglers and
data outliers in each group.

Group: An Abstraction for Synchronization Interleav-
ing. As elaborated in Sec. IV-B1, due to strong dynamicity
in client participation, it is impossible to direct coordinate
each client as in R?SP. To decouple bandwidth multiplexing
functionality with the burden of tackling system and statistical
instability, we propose to make synchronization coordination
at a coarser granularity—manipulating client subsets instead
of individual clients; such a client subset is called a group.> As
shown in Fig. 6, in FL-R2SP we divide all the clients evenly
into multiple groups: once a client joins the FL process, it is
assigned to a group with a static mod-mapping function (i.e.,
the remainder of dividing client id by total group number).

Regarding synchronization coordination, the client updates
within a group are aggregated in a synchronous manner, and
different groups refine the global model (and push the latest
model back to each clients) in a round-robin manner. That
is, like in RSP, we fix the update order of different groups
and also equalize their inter-update gap. Suppose there are M
groups ({Go, G1,...,Garr—1}), and the average round time of
all the groups is 7. Then, after group GG; aggregates its inner
gradients to update the global model, FL-R?SP would dictate
G (i+1)%Mm to make the next aggregation after a time gap of at

least %—irrespective of the client dynamicity or heterogeneity
within each group. In this way, we can evenly interleave the
client-server transmission across different groups, effectively
mitigating the server-side communication bottleneck.

Handle System Instability within Each Group. While
client group provides an ideal abstraction to make round-
robin coordination, we still need to tackle dynamic client
participation within each group: if each group waits for the
updates from all its clients, then the round time would be
dominated by the slowest clients—even becoming infinite if
a client loses connection during training. Note that this is
essentially a straggler problem as appeared in vanilla FL
[23], [24]; we therefore adopt a similar fractional aggregation
method at intra-group level: to make an aggregation, each
group only waits for a fraction (C) of the client updates

SNote that a group here is only a virtual relationship for client organization;
there is no dedicated (edge) server to manage each group.
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that are returned the earliest—and the time to collect those
early-bird updates (instead of all the updates) is deemed as
the round time. When the straggling clients later return their
updates after aggregation, their updates are ignored and they
are directly replied with the latest model parameters. In this
way, we can tackle the straggler problem within each group.

Handle Statistical Heterogeneity within Each Group. As
elaborated in Sec. IV-B1, in FL scenarios, the local datasets
on some clients may be highly skewed; incorporating their
updates would compromise the global model convergence.
We therefore need to identify those data outliers and avoid
aggregating their updates within each group. Since client
privacy is a key concern for FL, outlier identification would be
better conducted directly with the client updates: client updates
are readily collected on the FL server for aggregation and is
thus a free-lunch for outlier analysis; in contrast, collecting
other information (like the local feature-map [53] or loss value
[54] on each client) would incur additional network cost and
also increase the risk of privacy leakage.

In our FL-R?SP design, we identify data outliers based
on the cosine similarity between a client’s local update and
the global update. Since the data distributions of outliers
are significantly different from others (yielding different local
loss functions with heterogeneous optimums), the updates of
outliers are often inconsistent with the majority and exhibit
low cosine similarity with the global update [42]. Therefore,
we can judge a client as data outlier if the cosine similarity
between its local update and the global update keeps below
a threshold () for a number of consecutive rounds. As seen
in later evaluations, such an outlier-detection method® is effi-
cient and also effective, being an indispensable component of
FL-R?SP to attain high model accuracy.

V. IMPLEMENTATION
A. R’SP Implementation

We have implemented R?SP as a ready-to-use Python
library, called R°SP-Coordinator, for popular DL frame-
works such as TensorFlow [10] and MXNet [11].

Workflow. Fig. 7 illustrates how R?SP-Coordinator
can be used to coordinate workers. It implements the main
logic of the R?SP scheme by controlling when a given worker
can proceed to the next iteration. In particular, before entering
the next iteration, () a worker first sends a Request-to—
Proceed signal to the R?SP-Coordinator and waits for
its permission to proceed. The R?SP-Coordinator, on
the other hand, determines which worker has the next turn
and the earliest time for that worker to proceed, so as to
maintain the worker update order (Sec. IV-A2) and the inter-
update gap (Sec. IV-A1). Once it comes to the worker’s turn,
(® R?SP-Coordinator notifies the worker by issuing a
Permission-to-Proceed signal. Upon receiving the per-
mission, the worker proceeds to the next iteration. It G) pulls
the latest parameters from the PS and (») pushes back the
update after the training iteration has completed. Algorithm 1
summarizes the entire workflow.

Batch size tuning. To enable batch size tuning for het-
erogeneous clusters, we piggyback the tuned batch size on

%That said, we can also use other outlier detection or client selection
methods in the literature [38], [53], [54]. Note that our primary contribution
here is to improve the accuracy performance of FL-R?SP by integrating
outlier filtering in each group (any effective method is acceptable)—instead
of designing a brand new outlier filtering method.
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Algorithm 1 Workflow With R2SP-Coordinator

Algorithm 2 Workflow of FL-R? SP

Worker: i=1, 2,..., N:
1: procedure WORKERITERATE(k)
2: pull latest parameter w from PS
3: load sample batch I}
4:  calculate local gradient gj = ﬁ Y oec i V(s w)
1|

500 Ul — Io nkgL, push ui to PS
> the learning rate is linearly scaled with the worker batch
size

6: send Request—-to-Proceed signal to

R?SP-Coordinator
7: block before receiving the Permission-to-
Proceed signal and the tuned batch size |1} |
Parameter Server (PS):
1: procedure PARAMETERSERVERITERATE
2: update parameters w <— w + u}c
R?SP-Coordinator:
1: procedure RZSP-COORDINATORITERATE

2: adjust batch sizes of the faster workers (if any) to
eliminate their resource wastage
3: issue Permission-to-Proceed signal to appro-

priate worker at appropriate time

!
CooI:dSi:ator @ Permission
To Proceed &
New Batch
@D Request Size

To Proceed

Parameter Server

A;f

worker-1

Fig. 7. Architecture and workflow of R?SP-Coordinator (in iteration k).
Circled numbers represent execution order.

the Permission-to-Proceed signal. This allows faster
workers to process more samples in an iteration without being
idle or delaying the slower workers.

Profiling iteration time. To determine the temporal gap
between worker updates, the RZSP-Coordinator requires
to know the iteration time 7. We use the EMA (Exponential
Moving Average) method to accurately learn the value of 7'

Dealing with Fluctuation. So far, we have assumed that
the iteration time on a worker is stable across iterations. While
this generally holds in expectation, in practice the exact time
for each individual iteration could slightly fluctuate around
the expected value, mainly due to random perturbations of
GPU processing speed and network state. In this case, strictly
enforcing the inter-update gap would block those workers that
finish their iterations earlier than expected. Consequently, the
overall iteration time gets prolonged.

To remain robust to such random variations, we employ a
relaxation factor r in [0,1]. That is, given N workers and
their iteration time 7', we relax the update gap from T/N to
rT/N. This allows early birds to proceed to the next iteration,
without affecting late arrivals. In our implementation, we set
r = 0.8 and find it to yield good performance (details in
Sec. VI-A4).

Overhead. In our implementation, we use Apache Thrift
[55], a light-weight RPC protocol developed by FaceBook, as
the underlying communication protocol between the coordi-

Require: 7, M ,é,C >7: the number of local iterations in
each round; M: the number of groups; G- the list of all
groups; C" the fraction of updates required for intra-group
aggregation.

Client: i=1, 2,..., N:

1: procedure CLIENTITERATE(k)

: k—k+1

3 wi + wi | +ul bul: local update in iteration k on

client ¢

4: if £ mod 7 = 0 then

5: wi + FL_Server.TrylntraGroupAggregate(i, w},)
FL_Server:

1. procedure TRYINTRAGROUPAGGREGATE(i, w)

2 G« Gli%M] >map i to a group

3: G .frac_collected < G.frac_collected + M /N

4: if G.frac_collected < C then >if updates are
insufficient

5: wait

6: else

7: if G.frac_collected = C then pshall trigger

aggregation

8: G.w < the average of all the w}, collected by G

9: G.w <+ InterGroupAggregate(GG) >global update

10: return G.w to all the pending clients

11 elsevif c is a straggler

12: return G.w to ¢ >lgnore update from stragglers

13: identify and blocklist data outliers >as in Sec. IV-B2

14: function INTERGROUPAGGREGATE(G)
15: wait before G gets the furn to refine global model
>following requirements on inter-update order and inter-

update gap
16:  w <+ M=t xw+ L« G.o pupdate the global model w
17: refresh inter-update gap with the latest round time of
G
18: return w

nator and workers. Given the small amount of control signals
exchanged (only a few bytes for each signal) and the low
computational complexity of the RZSP algorithm, the overhead
of our implementation is negligible.

B. FL-R’SP Implementation

We have implemented FL-R2SP also atop PyTorch. To
support flexible server-client interaction in FL (e.g., con-
tinue training even when some clients lose connection), we
implement the communication between the FL server and
the clients with RPyC (Remote Python Call) [56]—instead
of with the built-in synchronization APIs of PyTorch (e.g.,
dist.all_reduce or DistributedDataParallel).
RPyC is a transparent python library for remote interaction,
with which each FL client interacts with the FL server inde-
pendently. With such flexible server-client interaction, there
is no need to maintain a dedicated R?SP—Coordinator
as in cluster environment (Fig. 7); we instead integrate the
coordination logic of FL-R?SP directly in the FL server. The
workflow with FL-R2SP is described in Alg. 2.
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Workflow of FL Clients. As shown in Alg. 2, once a FL
client has refined its local model for a designated number of
iterations, it would call the TryIntraGroupAggregate
procedure to report the update to the FL_Server and wait
for the latest model. This way, the key operations of FL-R?SP
can be made transparent to the end clients.

Workflow of FL Server. On the server side, once receiving
the update from a client, the FL server will map that client to a
group, which maintains the fraction of updates collected so far
(i.e., G.frac_collected). If that group has not collected
enough updates (i.e., the arrived portion is smaller than C),
then the aggregation request from the client would be blocked;
if that portion just reaches C, then intra-group aggregation is
triggered, which further calls InterGroupAggregate ()
to refine the global model; if that portion becomes larger
than C—which means that the update comes from a straggler,
then the FL server would simply ignore the update and
return the latest model to that client. Moreover, after intra-
group aggregation, the FL server identifies data outliers by
calculating the cosine similarity between the global update and
the local update; data outliers would be moved to blocklist and
eliminated from participating model training in the future.

In particular, the InterGroupAggregate () function
coordinates different groups to make global model refinement
in a evenly-gapped, round-robin manner. Once a group makes
a global refinement, the next global model refinement can only
be conducted by a designated group (i.e., with the next id)
and after a designated time gap (i.e., T/K in Sec. IV-B2). To
adapt to runtime dynamicity, we record the latest per-round
time of each group and incrementally update the estimated
per-round time T—with EMA method where the weight of
latest observation is 0.1.

Next, we respectively evaluate the performance of R?SP
and FL-R?SP. In Sec. VI-A, we focus on R?SP performance
evaluation in GPU clusters, demonstrating that it can speed
up model convergence by over 30%. Further in Sec. VI-B, we
show that FL-R2SP can effectively mitigate the communication
bottleneck of the FL server.

VI. EVALUATION
A. R?SP Evaluation in Cluster Environment

1) Experimental Setup: We first evaluate R2SP perfor-
mance in cluster environments. We demonstrate the optimality
of R?SP in mitigating network contentions for fast DL training,
and then evaluate the effectiveness of batch size tuning in a
heterogeneous cluster. Finally, we perform sensitivity analysis
to identify potential factors that may affect the performance
of RSP.

Hardware Platform. We deployed two GPU clusters in
Amazon EC2. The first cluster (Cluster-A) consists of 4 PS
nodes and 16 homogeneous workers interconnected by
10 Gbps links. Each PS node is a ¢5. 9x1large instance with
36 vCPUs and 72 GB RAM; each worker is a g3.4xlarge
instance with an NVIDIA Tesla M60 GPU. We used cluster-
A for performance comparison between R2SP and existing
synchronization schemes, namely BSP, ASP and SSP’

The second cluster (Cluster-B) consists of 2 PS nodes
(c5.9x%large) and 8 heterogeneous GPU workers includ-
ing two g2.2xlarge instances (NVIDIA GRID K520),

"By default, TensorFlow does not support the SSP scheme. We implemented
it with a worker-coordinator that enforces fast workers to wait if the
bound of progress gap—set to 5 iterations in our experiment—is reached.
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Fig. 8. Performance comparison among BSP, ASP, SSP and R2?SP. The
presented values are normalized by BSP.

two p2.xlarge instances (NVIDIA K80), and four
g3.4xlarge instances (NVIDIA Tesla M60). We used
cluster-B for evaluating the benefits of batch size tuning in
heterogeneous settings. We also use a 2080Ti GPU cluster
later for training transformer-based models (Sec. VI-AS5).

Datasets and Models. We trained two typical image clas-
sification datasets using TensorFlow [10]: (1) CIFAR-10 [39]
and (2) ILSVRC12. The latter is a subset [40] of ImageNet22K
containing 1.28 million of training images in 1000 categories.
In particular, we trained ResNet32 [57], AlexNet [3] and
VGG16 [58] models over the CIFAR-10 dataset, and trained
Inception-v3 model [59] over the ILSVRCI12 dataset. The
default batch size, unless otherwise specified, is set to 128 for
CIFAR-10 dataset, and 32 for ILSVRC12 dataset. Meanwhile,
for models trained upon CIFAR-10 dataset, the initial learning
rate is set to 0.01, while for ILSVRC12 it is 0.045.

Metrics. We trained a DL model until it converges and
used the training time as a metric of training efficiency. In
our evaluation, the training is deemed to converge if the
loss value, in 10 consecutive iterations, falls below 0.25 for
ResNet32 (loss reduced by around 90%), 0.5 for AlexNet
(loss reduced by around 80%), 2.3 for VGG16 (loss reduced
by around 30%), and 6.0 for Inception-v3 (loss reduced by
around 60%). The training efficiency is further broken down
into statistical efficiency and hardware efficiency. The former
is measured by the average number of iterations performed
by each worker towards convergence; the latter is measured
by the mean iteration time across workers during the training
process.

2) R’SP Performance in Homogeneous Cluster: We eval-
uate the efficiency of RSP against the three existing
synchronization schemes in cluster-A. Fig. 8 compares their

Authorized licensed use limited to: Hong Kong University of Science and Technology. Downloaded on April 17,2026 at 14:51:37 UTC from IEEE Xplore. Restrictions apply.



3006

1.0 USRS s ————— ¢
0.8
E0.6—
Co4 o BSP
— ASP
0.2 SSP
— RSP
00 T35 545 6 7 %

Inter-update Gap (s)

Fig. 9. CDF of the inter-update gap time when training VGG16.

performance, where we use BSP as the baseline and normalize
the results of the other schemes by that of BSP.

We start with hardware efficiency. Fig. 8a shows that
relaxed synchronization (i.e., ASP, SSP and R2SP) results in
faster training iteration than that with the BSP scheme, as
communication bottleneck is less of a concern. Among all four
schemes, R2SP minimizes the network contention and hence
attains the highest hardware efficiency. Notably, for network-
intensive models such as AlexNet and VGG16 (Table II-B),
R2SP speeds up their iterations by around 30% than BSP.

We next turn to statistical efficiency. Fig. 8b shows
that compared with BSP, more iterations are needed for
convergence with relaxed synchronization—a consequence
that stale parameters harm statistical efficiency. Nevertheless,
R2SP results in the minimum loss among the three asyn-
chronous schemes, as it bounds the staleness by a minimum
amount by enforcing a fixed round-robin order to worker
updates. Fig. 8c shows the overall efficiency. Despite a slight
statistical efficiency loss, RSP yields the highest convergence
efficiency. Specifically, it outperforms BSP by up to 25%
(VGG16). Note that in our experiments, BSP appears more
efficient than ASP and SSP, which is consistent with previous
observations [13], [14], [15].

To further illustrate how R2SP helps mitigate network
contention, we resort to deep-dive measurements. We use the
inter-update gap being zero as an indicator of network con-
tention: when two updates are made simultaneously, the gap
in between is zero. Therefore, the more zero gaps, the more
severe the network contention. Fig. 9 depicts the distribution
of inter-update gaps measured under the four schemes when
training VGG16. As expected, BSP results in most zero gaps:
zero gaps account for 15/16 of the total number; the remaining
1/16 span the entire iteration (~8 s). This is because cluster-A
has 16 workers, all making updates simultaneously in front of
the end-of-iteration barriers imposed by BSP. ASP and SSP
schemes, while slightly better than BSP, remain suboptimal
in contention mitigation, under which zero gaps account for
75% and 83%, respectively. In comparison, with R2SP, almost
all inter- update gaps are equal to 1/16 of the iteration span,
meaning that the updates are evenly staggered with minimum
contentions in between.

We further measure the mean bandwidth at which workers
communicate with the PS on its uplink and downlink under
the four schemes. We depict the results, normalized by that
of BSP, in Fig. 10. As R2SP minimizes network contention,
each worker ends up with much higher instantaneous band-
width than that with the other schemes, which translates to
accelerated iterations as shown in Fig. 8a.

3) RSP Performance in Heterogeneous Clusters: We now
evaluate the effectiveness of batch size tuning in the het-
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TABLE III

FAST WORKERS ARE BLOCKED LONG BY VANILLA R2SP. BATCH SIZE
TUNING ELIMINATES SUCH IDLE PERIODS

Instance
Type g2.2x| p2.x|g3.4x
Blocking
Time w/o 0 0.62 | 0.82
Tuning (s)
Speed 429 | 628 | 917
(sample/s)
Tuned
Batch Size 512 | 901 | 1264
3.0 ; .
RSP w/o
2511 T Batch Size Tuning |1
5 RSP w/ |
-% 200 | — Batch Size Tuning
> 1.5

Loss

1.0

0.5

00— 16 22 32 40
Time ( x100s)

ihioa]

Fig. 11. Convergence curves of ResNet32 in cluster-B.

erogeneous environments. We trained the ResNet32 model
in cluster-B using R2SP, with and without batch size tun-
ing. For each worker, we set the initial batch size to 512.
As shown in Table III, with equal batch size, fast workers
(i.e., p2.xlarge and g3.4xlarge instances) complete an
iteration earlier and have to wait for their turn to proceed
to the next iteration, resulting in salient blocking time. With
batch size tuning, we assign larger batches to p2.xlarge
and g3.4xlarge instances in proportion to their processing
speed. This would keep fast workers busy in an iteration, hence
avoiding resource wastage due to idling instances. Fig. 11
compares the convergence curve of training ResNet32 model
using R2SP with (blue) and without batch size tuning (red).
The former leads to faster convergence. In particular, given
the convergence criterion specified, batch size tuning itself can
accelerate convergence by around 40%.

4) Sensitivity Analysis: Finally, we perform sensitivity
analysis on the factors that may affect the performance of
R2SP. We evaluate the behaviors of R?SP with various link
bandwidths and values of the relaxation factor (Sec. V).

We first check the impact of link bandwidth. Our previous
evaluations were based on 10 Gbps network. To quantify
how R2SP performs when network is a even more severe
bottleneck, we trained AlexNet and VGG16 models in cluster-
A with throttled link bandwidth. Fig. 12 shows the iteration
speedup of R2SP over BSP with different bandwidth. We
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Fig. 13. Blocking time and iteration time under R2SP with different relaxation
factors.

observe the same trend for both models: the more severe the
network bottleneck is, the more significant speedup R*SP can
provide. R>SP therefore arises as a promising solution for
network-intensive training, such as learning at an extremely
large scale [15] and geo-distributed machine learning [60].

Moreover, recall that in Sec. V, we have introduced a
relaxation factor to avoid blocking early-bird workers in
the presence of iteration time fluctuations. To evaluate its
effectiveness, we trained VGG16 model in cluster-A (for
200 iterations) with varying relaxation factors from O to 1.
In each experiment, we measured the average blocking time
per iteration, together with the mean iteration time. Fig. 13
shows the results. As the relaxation factor gets smaller, the
mean blocking time decreases. However, configuring a smaller
relaxation factor means that worker updates are more loosely
staggered, which, in turn, adds the risk of network contention
and results in prolonged iteration time. Owing to this tradeoff,
we see in Fig. 13 that the sweet spot for the relaxation factor
is achieved at 0.8, which leads to the shortest iteration.

5) RSP Performance for Transformer-Based Models: Pre-
viously our evaluations are conducted on computer vision
models. To demonstrate the effectiveness of R*SP in mod-
ern NLP models, we further evaluate the performance of
R2SP when training transformer-based models. Specifically,
we adopt two transformer-based models: T5-Small [61] and
BERT [62]. T5-Small is trained on the wmtl6 [63] (de-en)
dataset; BERT is trained on the QNLI dataset from the GLUE
[64] benchmark. The default batch size for all datasets is 400.
In the training cluster, there are eight (2080Ti) GPU servers as
the workers, as well as two (Xeon Gold 6230) CPU servers as
the parameter servers. Those servers are interconnected with
100Gbps network. Moreover, to emulate the worker hetero-
geneity as explained in Sec. IV-A3, we manually inject per-
iteration pre-updating delay on four workers: for two workers
we inject a 0.5s delay and for two another workers we inject a
1s delay. Besides, regarding the baselines, apart from the three
classical baselines (BSP, ASP, SSP), we additionally include
another baseline, SAFA [46], for performance comparison.
SAFA is a semi-synchronous coordination scheme: apart from
coordinating a set of high-quality participants in a synchronous
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manner, it also properly absorbs the updates from straggling
participants as long as their staleness level is modest.

Fig. 14 shows the hardware, statistical and overall efficiency
when training the two NLP models under different schemes.
According to Fig. 14a, with batch size tuning, RSP can attain
the best per-iteration time; for the other schemes, there is a
clear trade-off between the synchronization quality and the
synchronization efficiency. Meanwhile, according to Fig. 14b,
R2SP suffers a slight statistical efficiency degradation when
compared to BSP and SAFA, which is indeed reasonable and
consistent with Fig. 8. Regarding the end-to-end convergence
efficiency, Fig. 14c clearly suggests that R2SP can substantially
outperform the other baselines, with a 16.9% and 18.8%
improvement to the second best. This confirm that, apart from
computer vision models, R?SP can also attain remarkable per-
formance improvement for transformer-based large language
models.

B. FL-R’SP Evaluation in Emulated FL Scenarios

In this section, we evaluate FL-RZSP performance in an
emulated federated learning setup.

1) Experimental Setup: We first elaborate our experimental
setup to evaluate FL-R”SP.

Hardware Platform. We evaluate FL-R?SP in an EC2
cluster comprising 129 instances: 1 m5.4xlarge instance
(with 16 vCPUs, 64GiB memory and 10Gbps network band-
width) as the FL server, and 128 t2.small instances (each
with 1 vCPU, 2GiB memory and less than 100Mbps network
bandwidth) as the low-end FL clients.

Moreover, a FL client usually exhibits drastic resource
fluctuation and network jitters; to emulate such participa-
tion dynamicity, we manually enforce each client to wait
for a random period before returning their updates. The
delay we inject on each client follows a log-normal distri-
bution whose probability density function is f(z;u,0) =

o 2
xo v 27 exp (_ (ln(g;;lt)
that the average delay is euta®/2) = 0.22s). With such
configurations, we make each t 2. small instance behave like
a smart phone.

Datasets and Models. Compared with cluster environ-
ments, the models and datasets in federated learning scenarios
are usually much smaller. Datasets in our experiments are
CIFAR-10 [39] and the KeyWord Spotting dataset (KWS)—a
subset of the Speech Commands dataset [65] with 10 key-
words. To synthesize non-IID data distribution® (with outliers),
we independently draw each client’s training samples follow-
ing the Dirichlet distribution [66], which controls local class
evenness via a concentration parameter o (v — ©o means
IID data distribution). In our experiments, for 75% clients we
set @ = 10 (under which each of the 10 data classes takes
up no less than 7% of the entire dataset); for the remaining
25% clients we set « = 0.1 (under which there is a single
class taking up over 97% of the local dataset), and they
play as data outliers. Such an IID/non-IID ratio aligns with
the realistic composition revealed by the FedScale benchmark
[67], which we will elaborate in greater detail in Appendix
(see Supplementary Material). With the CIFAR-10 dataset we
train a CNN model and the ResNet20 model [57], and with
the KWS dataset we train a LSTM model. Meanwhile, we use

), where 4 = —2,0 = 1 (meaning

8Tn this paper the induced non-TID behavior corresponds to label skewness.
Therefore we set data non-IID level by controlling client label composition.
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Fig. 15. Model convergence accuracy under different schemes.

the SGD optimizer for all the models, and the learning rates
are all set to 0.01.

Client Coordination. When enforcing our FL-R?SP
scheme, we set the group size to 16, meaning that the 128
clients are evenly mapped to 8 groups. Within each group,
we trigger model aggregation once 75% of its client members
have returned their updates (i.e., C' = 0.75 in Alg. 2), and
we identify data outliers if the cosine similarity between its
local update and the global one is below 0.5 for 3 consecutive
rounds. While we set C' to 75% in our main experiments,
we do have checked the impact of C' on overall system
performance, and the detailed results are placed in Appendix
(see Supplementary Material). Meanwhile, the number of local
iterations within each round is set to 100 (i.e., 7 100 in
Alg. 2).

2) Accuracy Performance: In this part, we compare the
accuracy performance of FL-R?SP against other typical
client coordination schemes in FL—BSP (also with a selec-
tion rate C 0.75) and ASP. Moreover, recall that in
Sec. IV-B2 we have proposed a simple yet effective algorithm
to identify and eliminate data outliers (which would impair
the model convergence quality). To verify the effectiveness
of such method, we also incorporate a naive version of
FL-R?>SP—with the outlier filtering functionality disabled—as
a baseline for ablation study. Meanwhile, for fair comparison,
we integrate the outlier filtering functionality into BSP and
also include it as an additional baseline.’

In Fig. 15, we compare the model convergence accuracy
under different client coordination schemes in FL. Here the FL
process is deemed to have converged if the testing accuracy has
stagnated for 10 consecutive rounds. As shown in Fig. 15, our
FL-R?SP scheme achieves comparable accuracy performance
with BSP for each model. Meanwhile, we can verify that
outlier filtering is indeed quite necessary to ensure model

9 A basic requirement of the outlier filtering mechanism is that all the clients
start from the same model parameters in each round. This does not hold for
the ASP scheme; therefore outlier filter cannot be integrated with ASP as
another baseline. SSP is rarely adopted for FL and skipped here, because it is
incompatible with fractional aggregation, and would severely slow down the
FL process when some clients are persistently slow or even lose connection
(easily using up the staleness budget).

TABLE IV
MODEL TRAINING TIME UNDER FL-R2SP AND BSP

Average Convergence  Improve
Model Scheme Per-Round °rg P
. Time -ment
Time
BSP 10.69 s 4098.81s
CNN FL-R2SP 8.31s 3181.55 s 22.4%
BSP 941 s 2695.38 s
LST™M FL-R2SP 8.17 s 2319.89 s 13.9%
BSP 44.90 s 9172.85 s
ResNe20 gy R2gp 3675 s 8158.34 s 1.1%

convergence quality: without outlier filtering, there would be
an accuracy loss by around 10% for both BSP and FL-R?SP.
This conclusion also holds in our additional experiments on
the FedScale benchmark, which is detailed in Appendix (see
Supplementary Material). Besides, we can notice that ASP
suffers severe accuracy degradation due to the problem of
stale updates—a fatal deficiency for federated model training.
Therefore, in the remaining part of our evaluation, we rule out
ASP and focus on the comparison between BSP and FL-R?SP.

3) Efficiency Performance: Recall that a primary objective
of FL-R?SP is to speed up model convergence by mitigat-
ing the server-side communication bottleneck. To verify the
training speedup effect of FL-R>SP, we measure the model
convergence time and the average per-round time when train-
ing the three models respectively under BSP and FL-R2SP. As
shown in Table IV, FL-R?SP can attain remarkable speedup
in each case, with an end-to-end performance improvement of
up to 22.4%.

To further understand the effectiveness of FL-R2SP, we
make fine-grained measurements on the instantaneous client
status during the FL process. We note that each client
experiences four phases in a round: (1) local training, (2) push
update to the FL server, (3) wait for model aggregation, and (4)
pull the latest model from the FL server; in Fig. 16, we draw
the Gantt charts depicting the phases on all the clients (totally
128 clients in 8 groups) during a randomly selected period
(round 100 to 102). From Fig. 16, we can learn that the clients
in different groups indeed make aggregation in an evenly-
gapped, round-robin manner. Moreover, we can observe that
the purple region (representing the pulling phase) under
FL-R?SP is much smaller than that under BSP, indicating that
the network contention with FL-R?SP is much slighter than
BSP.

4) Communication Speedup Deep Dive: In this part, we
dive deep on the performance benefit of FL-R?SP in the per-
spective of communication speedup. In Table V, we measure
the average time spent by each client on network transmission
(i.e., on pushing the updates and pulling the latest models),
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Fig. 16. Gantt charts depicting the instantaneous client status during a model
training period under BSP and FL-RZSP.

TABLE V

AVERAGE PER-ROUND COMMUNICATION TIME AMONG ALL THE CLIENTS
UNDER BSP AND FL-R2SP

Average  Average Overall
Model Scheme Push Pull Communication

Time Time Speedup
BSP 0.38 s 2.73 s

CNN FL-R?SP  0.34s 0.38 s 76.5%
BSP 0.36 s 2.12s

LST™M FL-R?SP 034 s 0.36 s L%
BSP 1.19 s 13.28 s

ResNe20 g R2sp 0475 1.50's 86.3%

and further calculate the communication speedup of FL-R?SP
over BSP. As suggested by Table V, the server-side network
bottleneck is more severe at pulling time—under BSP, the
average model pulling time can be 10X longer than the update
pushing time: this is because update pushing is triggered
independently by each client, yet model pulling is launched
simultaneously by the FL server for all the clients. With
FL-R?SP, we can effectively mitigate such outcast-style net-
work contentions, making the pulling time comparable to
pushing time. Consequently, FL-R2SP can remarkably speed
up the communication process of FL—with a time reduction
of over 70%.

In Fig. 17, we measure the FL server’s uplink bandwidth
usage (i.e., used for clients to pull the latest model) when
training the three models. The bandwidth usages are traced
with the nethogs [68] tool. Under the BSP scheme, all the
clients pull the model parameters at almost the same pace,
thus incurring high peak network consumption; under the
FL-R?SP scheme, the network consumption of clients in dif-
ferent groups can be well staggered with each other, reducing
the peak bandwidth consumption and in the meantime increas-
ing the network utilization. For example, for ResNet-20,
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Fig. 17. Server uplink usage under FL-R2SP and BSP.
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the peak bandwidth consumption of BSP is around 3 x of that
under FL-R?SP. Such microscopic observations align with the
transmission speedup in Table V and the end-to-end training
speedup in Table IV.

5) Sensitivity Analysis on Group Size: Recall that a key
innovation of FL-R2SP is to make synchronization coordina-
tion at the granularity of client groups instead of individual
clients. Obviously, the number of clients within a group (i.e.,
the group size) may remarkably influence the performance of
FL-R?SP. As two extreme cases, when the group size is set
to 1, FL-R?SP would degenerate to vanilla R?SP; when the
group size is set equal to the total client number, FL-R?SP
would degenerate to BSP. The client group size we set in
our previous experiments is 16, and in this part we explore
how FL-R?SP would perform against different group size
values.

In Fig. 18, given the 128 clients, we respectively set the
group size to different values (from 2 to 64) and measure the
average round time for the three models under FL-R?SP. We
can observe from Fig. 18 that, the correlation pattern between
round time and group size is similar across different models.
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On the one hand, with a very large group size (thus with
a small number of groups), the staggering effect of inter-
group communication is quite restricted, and meanwhile the
network contention for clients within a group may become
a bottleneck; on the other hand, with a very small group
size (thus with a large number of groups), due to the client
instability, the additional time overhead to enforce the targeted
inter-update gap would increase. As in Fig. 18, when the group
size changes from 2 to 64, the round time would first decrease
and then increase. Therefore, the group size shall not be set
too small or too large—Fig. 18 suggests that 32 is the most
appropriate group size value.

VII. CONCLUSION

In this work, we respectively designed RSP and FL-R2SP
to mitigate the server-side communication bottlenecks for
both cluster and FL environments. R?SP works by evenly
interleaving the worker-PS communications in a round-robin
manner, and for FL scenarios, FL-R2SP makes round-robin
coordination at the granularity of groups instead of individual
clients. Extensive evaluations have been conducted to demon-
strate the effectiveness of both R?SP and FL-R?SP.
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