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Abstract—Federated learning (FL) is a privacy-motivated
paradigm for distributed training of deep learning models, as it
allows a large number of clients to collaboratively train a shared
global model without centralizing their private data. Since its
debut with Federated Averaging as the first server aggregation
algorithm, many FL algorithms have been proposed to improve
performance. Yet, these algorithms are rarely benchmarked and
compared under the same open-source framework and controlled
configurations, and their performance claims can be difficult to
substantiate in fair and reproducible studies.

In this paper, we evaluate a curated and representative col-
lection of FL algorithms in the same open-source benchmarking
framework so that they can be compared fairly at scale in a
reproducible fashion. To achieve this objective, we present Plato,
an open-source FL research framework that we have designed
and implemented from scratch. With Plato, we evaluate and
compare algorithms spanning (1) server aggregation; (2) client
training customization; (3) client selection, in both synchronous
and asynchronous settings; (4) personalized federated learning;
and (5) communication efficiency and payload processing. Across
diverse experimental scenarios (tasks, client populations, and
data distributions), we report findings and practical insights,
including pitfalls and confounding factors that can lead to mis-
leading conclusions if not reported carefully. Under our unified
experimental settings and time model, Federated Averaging with
random client selection remains a strong baseline and is often
competitive with more complex alternatives.

Index Terms—Federated Learning, Framework, Reproducibil-
ity, Comparison Studies

I. INTRODUCTION

Federated learning is a privacy-motivated distributed ma-
chine learning paradigm that has attracted substantial research
attention since its debut [1]. The essential advantage of fed-
erated learning is that clients — ranging from enterprises
to edge devices such as mobile phones — can keep their
private data locally, while still using such data for collaborative
training of a shared global model. To achieve this objective,
clients conduct local training with their private data and send
their local updates to a server, which then aggregates these
updates to generate an improved global model. The training
process progresses iteratively in communication rounds, until
the convergence of the global model. While federated learning
reduces the need to centralize raw training data, additional
protections (e.g., differential privacy or secure aggregation) are
typically required to provide formal privacy guarantees; in this
paper, we focus on performance-oriented evaluations and treat
privacy/security as important complementary considerations.

In the general context of federated learning, researchers
have ventured into a multitude of research directions in the
literature, but most of which can roughly be separated into
two tracks. The first questioned whether keeping private data
locally can indeed preserve data privacy, by proposing a variety
of attacks under various assumptions and threat models [2],
along with their corresponding defences using, as examples,
differential privacy [3] and homomorphic encryption [4] tech-
niques. The second track of research focused on improving
the performance of federated learning, by proposing new algo-
rithms that can improve the training performance of federated
learning. In this paper, we are mainly concerned with the latter
track with a focus on performance, which can be best evaluated
with the time it takes for the global model to converge, and
the validation accuracy that the global model converged to.

Though performance-oriented algorithms in the literature
are numerous and cover a broad range of topics, the follow-
ing five categories are representative and have been studied
extensively:

> Server aggregation algorithms were proposed for the
server to adjust its weights when aggregating client
updates to produce a shared global model. The very first
server aggregation algorithm was Federated Averaging
(FedAvg), where the weight used to aggregate an update
corresponded to the number of local samples used for its
training. Improved server aggregation algorithms sought
to revise these aggregation weights to better accommo-
date non-i.i.d. data distributions across clients, typically
called data heterogeneity.

> Client training loop customization algorithms were de-
signed to calibrate local updates on the clients during
local training, with the hope that they could contribute
more to improving the global model.

> Client selection algorithms attempted to improve training
performance by selecting clients with higher data quality
in each round, rather than randomly.

> Personalized federated learning algorithms sought to
train models that are personalized to produce high valida-
tion accuracies on the specific data at each client, while
still benefiting from collaborative training over a shared
global model.

> Communication-efficient federated learning algorithms
aimed to reduce end-to-end training cost by decreasing
transmitted bytes (e.g., compression, sparsification, quan-



tization, and structured updates), which can improve time-
to-accuracy when communication becomes a bottleneck.

Most works in the literature claimed substantial perfor-
mance improvements over Federated Averaging (FedAvg). But
are these claims trustworthy and transferable across workloads
and experimental settings? Two factors come into play when
we attempt to answer this question.

First, which performance metric should be best used to eval-
uate the training performance in federated learning? Existing
solutions typically use the number of communication rounds or
the number of transmitted local updates, but we are strongly
convinced that these are far from ideal when evaluating the
performance of training sessions. The time it takes in each
communication round to train depends on a wide variety of
factors, such as the number of epochs used for local training,
the number of data samples used in each epoch, as well as
how the training loop is designed. Instead of the number of
rounds or updates, the wall-clock time elapsed during training
before convergence is reached is a simple and intuitive metric,
that we believe should be used as the performance metric to
make fair comparisons. In addition, the validation accuracy
that the global model converged to may also be of interest, as
it is the ultimate goal of model training.

Second, how can we evaluate the performance of existing
algorithms and compare them fairly with one another? Existing
solutions may not have corresponding open-source implemen-
tations; and even if they do, a wide variety of factors —
including the choice of datasets, models, data distributions
across clients, varying training speeds across clients (called
system heterogeneity in the literature), and even random seeds
— affect the results of these performance evaluations. In the
literature, each of the proposed algorithms was evaluated in its
own proprietary simulation or emulation testbed, which may
be biased in its own favor. When we seek to compare existing
algorithms in the literature, reproducible experiments with an
open-source software framework and the same configuration
settings are desirable, even necessary, for fair performance
comparisons.

In this paper, we first present Plato, our open-source feder-
ated learning research framework, designed and implemented
from scratch over the recent years. Plato is, first and foremost,
designed to be a reproducible benchmarking utility, so that
researchers can use it to reproduce the results of existing
algorithms in the literature, and compare them fairly with one
another. Maximizing fairness while making these comparisons
is also a primary design goal, where we have made every
effort to ensure that the same configuration settings, including
datasets, models, data distributions, even random number
generators, are used for all algorithms under comparison.

With Plato, we present a curated collection of comparison
studies of representative algorithms across these categories.
Under our unified experimental settings and time model,
many algorithms do not consistently outperform FedAvg with
random client selection [1]; in some cases we observe under-
performance. We report our findings and insights from run-
ning these experiments, identify several practical pitfalls, and
discuss root causes and confounding factors (e.g., settings

differences and reproduction uncertainty) that can lead to
misleading conclusions if not reported carefully.

Scope and limits. This paper focuses on classic FL bench-
mark workloads (small/medium models and standard datasets,
plus a lightweight language modeling workload) under con-
trolled and reproducible configurations. Although Plato sup-
ports LLM model training and adversarial attack algorithms,
they are not considered within the scope of this paper. instead,
we aim to provide a reproducible framework and methodology,
and to document where (and why) results can differ from prior
reports.

Highlights of our original contributions in this paper are as
follows. First, we present Plato, our open-source reproducible
federated learning research framework, designed and imple-
mented from scratch to emulate real-world scenarios. Second,
we extensively evaluate state-of-the-art federated learning al-
gorithms, and make fair comparisons with respect to their
performance. Finally, based on our experimental results, we
look into the reasons behind varying levels of performance,
and present our own insights on improving the performance
of federated learning, concluding with a cautionary note in
favour of federated averaging and random client selection.

II. PRELIMINARIES AND RELATED WORK

Preliminaries. Federated Averaging (FedAvg) is a canonical
baseline in federated learning (FL): in each round, the server
selects a subset of clients, broadcasts the current global
model, and aggregates client updates to produce the next
global model. Compared to centralized training, FL faces
data heterogeneity (non-i.i.d. client data) [5], [6], system het-
erogeneity (stragglers), and communication bottlenecks; these
factors motivate algorithm families that change aggregation,
local training, participation/scheduling, and/or personalization.
Across this space, the same algorithmic idea can lead to
different practical outcomes depending on (i) how many
clients participate, (ii) how much local work is done per round,
and (iii) whether training is synchronous or asynchronous.
These choices directly affect both statistical performance and
the cost of reaching a target quality under realistic hardware
constraints.

Representative algorithm families. We focus on widely
used, representative algorithms: server aggregation beyond
FedAvg (e.g., FedAdp [7], FedAtt [8], and distillation-
based fusion [9]); client training-loop customization (e.g.,
FedProx [10], SCAFFOLD [11]); client selection/scheduling
(e.g., Oort [12], and Pisces for asynchronous settings [13]);
and personalized FL (e.g., FedRep [14], FedBABU [15],
LG-FedAvg [16], Ditto [17], and Per-FedAvg [18]).

Conceptually, aggregation methods adjust how updates are
fused to stabilize training under heterogeneity; training-loop
methods modify the local objective/updates to reduce client
drift; selection/scheduling methods prioritize which clients
contribute under resource constraints; and personalized FL
targets client-specific performance (often changing what is
shared and when personalization happens). While these algo-
rithms are often introduced as “orthogonal,” in practice they
frequently interact: for example, changing the training loop can



also change communication volume, and asynchronous selec-
tion/aggregation policies can change the effective optimization
dynamics via staleness. Our evaluation suite (Section IV)
therefore structures results around these algorithm families
and reports both statistical and cost-to-target outcomes under
a unified protocol.

Recent directions and practical considerations. Re-
cent works explore collaboration graphs for personaliza-
tion (pFedGraph [19]), contrastive/self-supervised objectives
(e.g., MOON [20]), adaptive local aggregation methods (e.g.,
FedALA [21]), and federated active learning / data-selection
methods (e.g., Active FL [22] and CHASe [23]), as well as
application-driven settings such as federated recommendation
(e.g., LightFR [24]) and security issues in that setting (e.g.,
popular-item embedding attacks in federated recommenda-
tion [25]). Along the privacy-preservation track, privacy leak-
age in federated language model training (e.g., FILM [26])
highlight privacy and workload constraints that can confound
comparisons. These trends also reinforce our claim that bench-
mark results should be interpreted alongside what is being
counted as “cost” (e.g., communication rounds, wall-clock
time, or bytes transferred), and whether the evaluation protocol
is aligned with the original papers’ settings or with a unified,
controlled configuration for apples-to-apples comparison.

Benchmarking toolkits and positioning. Existing
open-source initiatives include FedScale for model-
and-system benchmarking at scale with trace-driven
time-to-accuracy reporting [27], FedML as an end-to-
end FL library/platform [28], FedEval as an evaluation
framework [29], PFLIib and FL-bench as curated algorithm
collections and runnable benchmark codebases [30], [31],
pFL-Bench for standardized, containerized personalized-FL
evaluation (including system overhead) [32], and HtFLIib for
heterogeneity-focused workloads [33].

Plato complements these efforts by emphasizing @ re-
producible apples-to-apples comparisons under unified con-
figurations, @ explicit simulated wall-clock time support
(sync/async), and @ a strategy-based composition API that
isolates extension points for clients, servers, trainers, and
payload processors. Table I is a positioning aid rather than an
exhaustive benchmark survey: its markers are coarse presence
indicators for the capabilities we rely on in this paper. In this
paper, we use these design choices to @ separate framework
support from paper-evaluated algorithms/workloads, and @
make time-to-target comparisons feasible even when many
“logical” clients must be emulated on limited physical hard-
ware.

Benchmarking challenges. Reported results in FL are often
sensitive to uncontrolled factors, including client sampling and
data partitioning, per-round local work, hardware and batch
sizes, and whether slow clients are dropped or waited for.
As a result, frameworks that expose these choices explicitly
(and record them as artifacts) are important not only for fair
comparison but also for understanding why a method appears
better under one cost model but not another.

III. Plato: TOWARDS REPRODUCIBLE PERFORMANCE
EVALUATIONS IN FEDERATED LEARNING

We have designed and built Plato', an open-source bench-
marking framework for federated learning research. Before
we started from scratch six years ago, we considered using
one of the existing frameworks, such as FedML [28] (most
other alternatives in Table I did not exist at the time). Yet,
several features that are essential for scalable and reproducible
benchmarking on limited hardware were not readily available.
In this section, we present what these desirable features are,
why they were important enough that we needed to build a
new framework entirely from scratch, and how Plato achieved
them.

A. Architectural Design

When we first started building Plato in November 2020,
we incorporated the following design goals:

& Simplicity and ease of use. Plato should be simple
to use, even by inexperienced researchers who are not
well versed in federated learning. Existing algorithms in
the literature should be easily implementable using its
application programming interface (API), which should
be well documented.

& Availability of datasets, models, and training loops. It
should be able to support a wide variety of datasets and
models out of the box across a collection of popular tasks,
such as image classification, object detection, and natural
language processing. These datasets and models promote
fairness when we compare the performance of different
algorithms.

& Reproducibility. Though reproducibility in machine learn-
ing research is challenging, every effort should be taken
— starting from seeding the random number generators
— to maximize reproducibility with the same experimen-
tal setup.

& Support for both real-world implementation and em-
ulation with limited hardware. While the framework
should support real-world network communication be-
tween clients and the server, it should ideally also be
able to support emulating a realistic number of clients
when GPU resources are severely constrained.

{ Asynchronous federated learning. In both real-world im-
plementation and emulation with limited hardware, Plato
should provide native support for asynchronous federated
learning, where the server only needs to wait for a subset
of clients before proceeding with its aggregation. This is
more performant in practice.

After six years of work, we were able to achieve all of these
design goals. Fig. 1 shows an overview of Plato’s architectural
design. Plato adopts a strategy-based composition API (with
callbacks and processor pipelines for cross-cutting concerns)
so that algorithms can be implemented by swapping a small
number of strategy components while reusing the rest of the
stack. Plato’s primary machine learning backend is PyTorch

Available at https://github.com/TL-System/plato, and named after
the great philosopher.



TABLE I
A COMPACT FEATURE MATRIX COMPARING Plato WITH REPRESENTATIVE FL BENCHMARKING TOOLKITS.

Toolkit Explicit Async Limited- Strategy-based  Cross-silo Privacy/security Reproducibility

simulated support hardware extensibility support hooks artifacts

wall-clock time emulation
Plato v v v v v v v
FedScale [27] v X X Vv Vv X X
FedML [28] i Vv v v v % %
FedEval [29] X X X VA X Vv X
PFLIib [30] / X X X v iv4 X X
FL-bench [31]
pFL-Bench [32] X X X V4 V4 X Vv
HtFLIib [33] X X X Vv Vv X X
B \ y—{ GPU (with limited CUDA memory)
Federated Learning Algorithms Release memory
by shutting down Prepare to execute
Clients Edge Servers Cloud Server the process

.
e ! Samplers [DatasourcesJ

Models Trainers
Processors

{ MLX } { PyTorch }

v

Fig. 1. An overview of Plato’s architectural design. As a benchmarking
framework, it is designed from the onset to be agnostic to the underlying
machine learning backend, with PyTorch as the primary backend and MLX
as an alternative backend. Existing algorithms can customize most of the
components, including clients, edge or cloud servers, trainers, data distribution
samplers, and model processors.

(with MLX as an alternative backend), and it integrates with
common model and dataset ecosystems (e.g., Torchvision,
HuggingFace, and timm) to reduce friction when constructing
reproducible workloads.

Cross-device and cross-silo. Plato supports both cross-
device (a large population of clients with partial participation)
and cross-silo style training (a smaller, more stable set of
silos) via configuration and deployment options. In this paper,
our primary evaluation focuses on cross-device-style settings;
however, cross-silo configuration has been a core part of the
framework and reproducibility pathway since its early days.
Cross-silo training can be enabled by declaring the number of
silos and switching from a cross-device client population to
edge-level participation.

B. Scalability while working with Limited Hardware

Before we consider reproducibility in our benchmark ex-
periments, it is important to first discuss how our experiments
can best model what occurs in practice. Plato is fully capable
of running a real-world server in the cloud, with clients
connecting to it using the WebSocket two-way communica-
tion protocol over HTTPS. That said, for the sake of better
reproducibility, it is more likely that benchmarking runs will
take place on a physical machine with limited CPU and GPU
hardware.

by Glpu

Client 4 Client 5 Clienté  Client7,8and 9

Client 1,2 and 3

Fig. 2. By running each client’s training loop in its own ephemeral process,
we may run client trainers in batches. This allows us to select a potentially
unlimited number of clients in each round, even with only one GPU.

In the literature, most experiments related to federated
learning used small-scale experiments, selecting only around
10-20 clients in each round. This is mostly due to the lack
of GPU memory on consumer-grade GPUs: an NVIDIA RTX
A4500 GPU, for example, only has 24 GB of GPU memory,
accommodating no more than 7 clients training a ResNet-18
model over the CIFAR-10@ dataset, a typical benchmark in the
literature.

In contrast, Plato employs a delicate algorithm that spawns
a new ephemeral process for every client to run its training
loop, called a trainer in the framework. This ensures that
after each client process finishes training on the GPU, its
occupied GPU memory will be immediately and automatically
released by the operating system when the ephemeral process
is terminated, regardless of how the trainer is implemented.
This way, we can run client trainers a batch at a time, as
we show in Fig. 2. In addition, Plato is able to (1) take full
advantage of all the GPUs in a physical machine, maximizing
GPU utilization; and @ guarantee that the number of client
processes spawned is exactly the same as the number of train-
ers concurrently running, minimizing the demand for physical
memory. As an example of how Plato efficiently utilized
limited hardware to run experiments with larger scales, in our
benchmarking experiments using ResNet-18 and CIFAR-10,
a federated learning round involving 100 selected clients
finished within 10 minutes and 15 batches, with only one
NVIDIA RTX A4500 GPU.



C. Extensibility via Composable Strategies and Callbacks

Strategy-based composition. Plato makes extensibility
primarily strategy-driven rather than relying on deeply
nested subclasses. Clients, servers, and trainers are
assembled from small, interchangeable strategy objects
that share state via lightweight context containers.
Concretely, each client owns a ComposableClient that
orchestrates five strategies (lifecycle, payload, training,
reporting, and communication), while servers accept
AggregationStrategy and ClientSelectionStrategy
components, and trainers use ComposableTrainer with
interchangeable loss/optimizer/step/scheduler/model-update/
dataloader/testing strategies. The default strategy stacks
reproduce legacy behavior, so implementing an algorithm
typically swaps only one or two strategies while reusing the
rest.

Callbacks and processors. For cross-cutting concerns (log-
ging, metrics, tracing, early stopping), Plato can be ex-
tended with callbacks, which are triggered from strategies via
the callback handler. Separately, inbound/outbound processor
pipelines can transform payloads (e.g., compression or encryp-
tion) without entangling the learning algorithm.

Algorithm families and extension points. Table II sum-
marizes the major algorithm families supported by Plato and
their primary extension points, distinguishing between core
strategies/APIs and reference example workloads.

How to implement a new method in Plato. From an
FL researcher’s perspective, implementing a new method in
Plato typically consists of identifying what changes relative
to a baseline (e.g., FedAvg) and then swapping the smallest
corresponding strategy component(s):

> If you change aggregation,
AggregationStrategy.

> If you change who participates / scheduling, imple-
ment a ClientSelectionStrategy (often together with
a client ReportingStrategy to export utility/staleness
signals).

> If you change the local objective or training loop, imple-
ment trainer strategies (e.g., LossCriterionStrategy,
TrainingStepStrategy, ModelUpdateStrategy) and/or
a client TrainingStrategy.

> If you change payloads / communication / privacy, use
PayloadStrategy/CommunicationStrategy and proces-
sor pipelines (e.g., compression/encryption), with call-
backs for logging and instrumentation.

implement  an

In practice, new methods often touch only one or two of these
extension points; the remaining strategy stack can remain un-
changed, making it easier to implement, validate, and compare
methods under consistent settings.

Mapping to recent “hot topics.”” The above extension
points also cover several recent directions raised in the reviews.
Federated distillation/fusion methods (e.g., FedDF) primarily
change what is communicated (e.g., logits, teacher outputs)
and therefore map to payload strategies, processor pipelines,
and trainer strategies (with aggregation changes when re-
quired). This is the design path we use for the FedDF overlays
in Fig. 3. Federated large-model training and parameter-

efficient tuning (e.g., adapter-style updates) primarily map to
trainer strategies and payload strategies that redefine which
parameters are trained and transmitted. Finally, “agentic”
client loops (multi-step local decision-making and richer client
reporting) map naturally to customized training and reporting
strategies. These are supported as framework extension points,
even when a given direction is not evaluated as a workload in
this paper.

D. Reproducibility

Reproducibility involving machine learning is hardly
straightforward to achieve: a plethora of utilities and frame-
works are built to achieve reproducible solutions, and yet,
many still believe that it is at best elusive to attain in
practice. This is due to the nature of training deep neural
network models, where a variety of random number generators
from different sources are utilized to produce many essential
elements in the training process, from initial model weights
to parameterizing model layers such as dropout layers. This
is further exacerbated by federated learning, where even more
randomness is incorporated, such as in client selection algo-
rithms.

Beyond random number generation, we wish to use the wall-
clock time to evaluate the performance of federated learning
algorithms; but the elapsed wall-clock time can vary quite
substantially across runs, as the training epochs at each client
need to run on actual GPUs. While statistical measures such as
confidence intervals can in theory be used in experimental re-
sults, they are inconvenient since each run involving even only
a modest number of clients can take many hours to complete
on limited hardware. For these reasons, we are at least obliged
to attempt maximizing reproducibility when designing Plato
as a benchmarking framework, so that different algorithms can
be compared with one another fairly.

Consistent configurations. Towards maximizing repro-
ducibility, we begin by making sure that all evaluations use
the same dataset, model, training loops, and hyperparameters.
This sounds like a trivial exercise; but many existing works
have failed to pay attention to some of the details. A case
in point is the parameters used in the training loop, which at
least include the optimizer, the learning rate scheduler, and the
loss criterion, each of which is related to several influential
parameters. In addition, as a variety of data samplers are
used for simulating the data distribution across clients, the
parameters used in these samplers must be kept consistent
as well. In Plato, all the parameters that may affect re-
producibility are centrally specified in TOML configuration
files (with lightweight include semantics), and command-line
flags take precedence over file settings. To mitigate human
error preparing these configurations, similar to header files in
programming, different configurations can include shared seg-
ments of configurations as well so that these shared segments
are guaranteed to be consistent across-the-board.

Random seeds. As we stated, FL training sessions involves
a substantial amount of randomization: the server randomly
selects a number of clients, each client randomly samples
the dataset with an i.i.d. or non-i.i.d. probability distribution,



TABLE II
MAJOR ALGORITHM FAMILIES SUPPORTED BY Plato AND THEIR PRIMARY EXTENSION POINTS.

Algorithm family Primary extension points

Core (built-in strategies/APIs)

Examples (templates)

AggregationStrategy

Server aggregation (agaregate._%)

FedAvg, FedAsync, FedBuff, FedNova

FedAdp; FedAtt; FedDF; FedAvgGAN;

(sync/async) FedUnlearning; Knot
Client il;:notfteil:c;ci::setrategy RandomSelection, Oort/Pisces/AFL (reporting + selection)
selection/scheduling P g gy SplitLearningSequential,

PersonalizedRatio

Trainer strategies

Local training-loop + client TrainingStrategy

customization

ComposableTrainer; FedProx/FedDyn

MOON; SCAFFOLD (control variates);
FedMoS; gradient clipping/pruning

Personalization Phase-aware aggregation + Personalized FedAvg; ratio controls FedALA/Ditto/FedRep/FedBABU/LG-
trainer ModelUpdateStrategy FedAvg/Per-FedAvg

Communication PayloadStrategy . . R L

efficiency CommunicationStrategy Default payload + transport strategies;  customized processor; split learning;

and payload handling processor pipelines

processor API

model pruning

Privacy/security Encrypted/hybrid aggregation + FedAvgHE; MPC runtime support secure_aggregation; Maskcrypt
algorithms processors (encrypt/decrypt)

Attacks/robustness Trainer/client strategies + server Strategy hooks + callback pipeline gradient_leakage_attacks (DLG);
debugging aggregation strategies + attack_adaptive

callbacks

and in asynchronous FL (which we shall discuss next), the
simulated client speed needs to be randomly sampled from
a distribution as well. In Plato, we place an emphasis on
how random seeds for random number generators (RNG)
can be initially specified, and how they can be protected
against influences from third-party frameworks, which tend
to use the same generators. Before functions in third-party
frameworks are called, we use random.getstate() to save
the current state of the RNG, and immediately after returning
from these functions, we use random.setstate() to restore
the previous state of the RNG. This is similar in design of
saving and restoring states during context switching across
operating system kernel threads.

Reproducible mode. With the basic algorithms above in
place, Plato is able to (optionally) enable its reproducible
mode, which enables fully reproducible experiments where
the same set of clients and data samples are selected across
runs. This ensures that a global model’s convergence trajectory
remains consistent across runs as much as possible.

Drawing an analogy from photography, photographers com-
pare lenses from different brands using the same camera body
to discern differences. In a similar vein, with Plato as a
benchmarking tool and a focus on reproducibility, fair and
more convincing conclusions can be drawn when comparing
different algorithms later in this paper.

E. Simulating Wall-Clock Time

Existing performance evaluations in the FL literature often
report the number of rounds (e.g. [34]) or the number of
updates (e.g. [35]) until reaching a target accuracy. These met-
rics are easy to collect, but can be misleading when different
algorithms change the amount of work per round (e.g., extra
local epochs, auxiliary state, or larger payloads). We therefore
focus on the wall-clock time to reach a target as a practical
metric. In real deployments, this is a direct measurement.
In Plato’s emulation mode (running many logical clients on

limited hardware by batching trainers, Section III-B), we must
simulate wall-clock time.

What is included. For each client update, we model its
end-to-end completion time as the sum of @ client-side
computation time (local training and any local processing),
@ network transfer time for inbound/outbound payloads, and
@ server-side aggregation overhead. We exclude one-time
setup costs (e.g., dataset download, initial model fetch) unless
otherwise stated, so that the metric reflects steady-state training
progress.

Synchronous FL. Let S; be the selected clients in round ¢,
and let T;(¢) denote the end-to-end time for client i’s update
in that round (client computation + communication under a
chosen network model). In synchronous FL, the round duration
is dominated by the slowest selected client:

Tround (t) = %%Xn(t) + Tserver(t)7 (D

where Tyerver(t) accounts for aggregation and bookkeeping.
The simulated elapsed time is the cumulative sum of T}.und (£)
until convergence/target accuracy.

Asynchronous FL (event-driven emulation). In asyn-
chronous FL, the server aggregates after receiving only the
first nyi, updates (possibly with a staleness bound), without
waiting for all selected clients. In real deployments, update
arrival order is defined by actual completion times. In emu-
lation, howeyver, trainers are executed in GPU batches, so the
server cannot observe arrival order online while the batch is
still running. Plato therefore attaches a simulated finish time
to each report and maintains a priority queue of completed
reports, sorted by finish time. Once enough reports are avail-
able, the server pops the earliest n,i,, advances simulated time
to their completion boundary, aggregates, and immediately
schedules new clients. Slower reports remain queued and may
be aggregated later if they satisfy staleness rules.

Algorithm 1 summarizes the emulation logic, where
T<°™P(r) denotes measured client-side compute/processing



Algorithm 1 Emulated async wall-clock time with batching

t<+ 0, PQ <« 0
while not reached target do
S < CHOOSECLIENTS(n4); R <— RUNTRAINERSINBATCHES(S)
for all r € R do
f ot 4+ TO™P(r) + Tnet(,r)
PUSH(PQ, (f, 7))
end for
U < POPEARLIEST(PQ, nmin, K)
¢ max{f: (f,) € U}
AGGREGATE({r : (-,7) € U})
end while

time for report r and 7T™'(r) denotes the network-model
transfer time.

Worked micro-example. Suppose ns = 3 and ny,i;, = 2 at
simulated time ¢ = 0, with client end-to-end times 717 = 5s,
Ty = 8s, T3 = 12s (including compute and communication).
In synchronous FL, the round completes at 12s. In asyn-
chronous FL, the server aggregates after the first two arrivals
at t = max(5,8) = 8s, and the third report remains queued
(finish time 12s) for possible use in a later aggregation subject
to the staleness rule. This separation between reported updates
(physically produced by batched trainers) and simulated finish
events is what allows Plato to emulate asynchronous progress
using limited hardware.

Limitations. Simulated time depends on the chosen network
model and on measured/profiling of per-client training time;
absolute wall-clock values may differ from a real multi-
device deployment. We use it primarily for within-setting
comparisons and explicitly report the assumptions used (client
fraction, batching policy, bandwidth model, and staleness
parameters).

IV. EVALUATING FEDERATED LEARNING ALGORITHMS

We are now ready to evaluate the performance of repre-
sentative categories of state-of-the-art FL algorithms in the
literature, which has been one of the design goals of Plato as a
reproducible evaluation framework. Our evaluation focuses on
(D) server aggregation, (2) client training-loop customization,
@ client selection (including asynchronous settings), and
@ personalized federated learning; we additionally discuss
communication efficiency and payload processing as comple-
mentary dimensions for reporting and extensibility.

A. Methodology: Validation, Metrics, and Artifacts

Reproducibility artifacts. For the sake of fair compar-
isons and reproducibility, a reproducibility artifact archive will
be released as open-source, which includes @ the pinned
framework version, @ the exact configuration bundle used
to generate the reported figures, and @ minimal scripts to
reproduce at least one headline figure end-to-end, together with
environment notes (PyTorch/CUDA versions) and fixed seeds.

Validation protocol and claim scoping. A key chal-
lenge in benchmarking is ensuring that re-implementations
match the intended algorithms. For each algorithm, we fol-
low a best-effort validation protocol: (1) align code with
equations/pseudo-code and stated hyperparameters; @ where
public reference implementations exist, cross-check key update
rules; @ perform sanity checks (e.g., limiting cases that

reduce to FedAvg when applicable); and (4) scope comparative
claims to the settings we evaluate. When details or reference
code are unavailable, we explicitly avoid attributing under-
performance to the method itself, and instead describe results
as “under our unified settings and time model.” As a stop rule,
if we cannot establish the minimum validation evidence for an
algorithm (paper specification + basic invariants), we treat it as
best-effort and avoid using it to support headline comparative
claims. All anecdotal evidence for alignment with the original
papers has been provided in the online Plato documentation.

Primary and secondary metrics. Our primary performance
metric is the elapsed wall-clock time to reach a target accuracy
(or target perplexity for language modeling), as defined in Sec-
tion III-E. We also report final validation accuracy/perplexity
after a fixed budget when applicable. To address bandwidth
concerns raised in the reviews, we additionally report the
communication volume in terms of total transmitted bytes.
When model updates are exchanged, a first-order estimate is:

Bytes(t) ~ Z (Bytesi(t) + Bytesj(t)), (2)
1€St

where Bytesi(t) is the server-to-client payload size (often
the model), and BytesZT(t) is the client-to-server payload
size (often the update), including method-specific auxiliary
state (e.g., control variates). We treat privacy/security as a
complementary dimension: Plato supports secure-aggregation
and DP-style workflows via strategies and processors, but this
paper does not claim formal privacy guarantees unless such
guarantees are explicitly computed and reported.

Clarifying “elapsed wall-clock time” in our plots. Unless
otherwise stated, when figures and tables in this section report
“elapsed wall-clock time,” the x-axis is Plato’s simulated
elapsed time defined in Section III-E with wall-clock sim-
ulation enabled. In our single-machine, batched execution
environment, this time model is driven primarily by measured
client-side compute/processing time and orchestration over-
head; we intentionally avoid claiming that it matches real-
world end-to-end runtime under a specific network deploy-
ment. To make bandwidth effects visible without committing
to a particular network model, we report communication
volume (bytes) as a complementary metric and explicitly call
out method-specific auxiliary state (e.g., control variates) when
relevant.

Uncertainty and reproducibility. To mitigate randomness,
Plato supports fixed RNG seeds and an optional reproducible
mode that freezes client/sample selection. Unless otherwise
stated, the figures report single runs under fixed seeds due
to the high wall-clock cost of large-scale emulation; we
disclose this limitation and provide a reproducibility pathway
(versioned configs and scripts) so that additional seeds can be
run by the community.

B. Datasets and Models

Among the diverse array of datasets and models that Plato
supports (Section III-C), we have chosen the following 5
configurations of datasets and models for our evaluations in
this paper:



TABLE III
VALIDATION EVIDENCE SOURCES USED FOR REPRESENTATIVE ALGORITHMS EVALUATED IN THIS PAPER.

Algorithm Category Public ref. Evidence used in our impl tation/validation
code
FedAvg Baseline Y Paper specification + sanity checks; acts as limiting case for several

FedAdp, FedAtt, FedDF Server aggregation N/unknown
FedProx, SCAFFOLD, FedDyn,
MOON

Qort, Active FL, Pisces

Training-loop Y
customization

Client selection Y/unknown

methods

Paper equations/pseudo-code + invariants; for FedDF, additionally
validate the proxy split and distillation payload path

Paper equations + public implementations (when available) +
limiting-case and payload-content checks

Paper description + reference implementations when available;
validate report/utility/staleness signals

APFL, Ditto, FedRep, Personalization Y Paper description + public implementations (when available); validate
FedBABU, LG-FedAvg, phase scheduling and payload content
Per-FedAvg, FedPer

TABLE IV TABLE V

MINIMAL UNCERTAINTY REPORTING (REPRESENTATIVE WORKLOAD). WE
REPORT MEAN=ZSTD OF THE SIMULATED TIME-TO-ACCURACY ON
EMNIST+LeNet-5, COMPUTED FROM n = 2 FIXED-SEED RUNS PER

METHOD (TARGET ACCURACY: 50%).

Algorithm Time to 50% accuracy (s)

FedAvg 158.3 4.4
FedProx 149.3 +14.9
Oort 153.6 + 10.6
FedAdp 136.0 3.0
FedAtt 143.5 £17.1

> The Extended MNIST (EMNIST) dataset [36] with the
LeNet-5 model. This dataset contains 817,851 images,
each of which is a 28 x 28 grayscale image in 1 out of
62 classes. Representing handwritten digits and letters
from over 500 writers, this dataset is a superset of
MNIST, and has been a popular benchmark dataset to test
the baseline performance in existing FL literature. The
classic LeNet-5 model can easily converge to an excellent
accuracy with this dataset.

> The Federated EMNIST [37] dataset with the LeNet-5
model. Originated from EMNIST, the difference of the
Federated EMNIST dataset is that it is already partitioned
by the client ID, using the data provider IDs included
in the original EMNIST dataset. As a result of this
partitioning, there are 3, 597 clients in total, each of which
has 227.37 images on average. For each client, 90%
data samples are used for training, while the remaining
samples are used for testing. This dataset is known for
its highly non-i.i.d. nature, which can prove helpful when
client selection algorithms are evaluated.

> The CIFAR-10 [38] dataset with the ResNet-18 model.
CIFAR-10 has been a staple benchmark in the existing FL
literature, especially when combined with ResNet-18.

> The CINIC-10 dataset with the VGG-16 model. This
combination is harder to converge during training, which
we hope can provide a different perspective on the
performance of FL algorithms.

> Beyond image classification tasks, we also choose
to include a language modeling task for additional
variety, training the Distilled-GPT2 model on the
Tiny-Shakespeare dataset. Readily available from the

UNIFIED EVALUATION SETTINGS (REPRESENTATIVE WORKLOADS).

Workload Clients Round Epochs
EMNIST + LeNet-5 1000 100 5
FEMNIST + LeNet-5 1000 100 5
CIFAR-10 + ResNet-18 1000 100 5
CINIC-10 + VGG-16 1000 100 5
Tiny-Shakespeare 50 20 1

+ DistilGPT2

Hugging Face repository, Tiny-Shakespeare contains
40,000 lines of text from a variety of Shakespeare’s
plays, and Distilled-GPT2 is a distilled variant of the
original Transformer-based GPT2 model. As a language
modeling task, this task does not use labeled data for
training, and therefore does not exhibit data heterogeneity
across clients.

We conduct all our experiments on a Dell Precision 7820
server with three NVIDIA RTX A4500 GPUs, each equipped
with 24 GB CUDA memory. PyTorch 2.8, CUDA 13.0, and
Plato v1.4.3 have been used. In a total of 1000 clients, 100
are chosen in each round, either randomly or using a client
selection algorithm. The non-i.i.d. data distributions in our
experiments were obtained using the Dirichlet distribution,
with a concentration parameter, denoted as «, set to 1 or
0.1, representing a moderately or highly non-i.i.d. distribution,
respectively.

Original-paper settings versus unified settings. Since
original papers often use different evaluation workloads, bud-
gets, and hyperparameter choices, readers can reasonably
question whether a unified-setting comparison alone explains
observed performance gaps. To make this boundary explicit,
we provide a compact original-settings summary for repre-
sentative methods in Tables VI-VII and include the full per-
method configurations (including additional datasets/models
and ablations) in our reproducibility artifact, together with the
configuration bundle used in our unified-setting experiments.

C. Server Aggregation Algorithms

Since Federated Averaging (FedAvg), originally proposed
with the inception of federated learning [1], is essentially
a simple algorithm for the server to aggregate model up-
dates from the clients, we begin our exploration with two



TABLE VI

ORIGINAL-PAPER HEADLINE EXPERIMENTAL SETTINGS VERSUS THE UNIFIED SETTINGS USED IN OUR Plato EVALUATIONS (PART I: AGGREGATION,
TRAINING-LOOP CUSTOMIZATION, AND CLIENT SELECTION). FOR COMPACTNESS WE SHOW REPRESENTATIVE METHODS; FULL PER-METHOD
CONFIGURATIONS ARE IN OUR REPRODUCIBILITY ARTIFACT. UNLESS STATED, OUR UNIFIED SETTINGS USE N/n/E=1000/100/5 (TABLE V).

Algorithm Cat. Original paper: headline N(;:;EE Original paper: key settings (as reported) Notes on setting differences / reproduction
workload(s) status
Server aggregation
FedAdp [7] Agg. MNIST/FashionMNIST + CNN —/10/1 |S|=10, E=1, T=300; Ir 0.01 (decay Unified protocol/time model; full original
0.995/rnd); non-1ID z-class. configs in artifact.
FedAtt [8] Agg. WikiText-2/PTB/Reddit + 1??/21(;)/ C € {0.1,0.5}; T=50; Unified LM uses N/n/E=50/20/1

GRU

Client training-loop customization

FedProx [10] Train. MNIST + multinomial logistic
regression
SCAFFOLD [11] Train. EMNIST + logistic regression

Client selection / scheduling

Oort [12] Select. OpenImage +
MobileNet/ShuffleNet
Pisces [13] Select. MNIST + LeNet-5 (also

CIFAR-

E € {1,5,10, 15,20}.

10 selected/rnd; SGD; E=20; proximal
1000/10/20 strength g tuned.

100/20/5 20% sampled/rnd; E=5; Option II; control
variates (c, ¢;).

Sample 100/rnd; exploration 0.9 (decay);
>14k/100/- straggler penalty a=2; window W =20.

200/20/5 Concurrency C=20; E=5; staleness 3=0.5;

Zipf latency (a=1.2).

10/FEMNIST/StackOverflow)

(Table V); full original configs in artifact.

Unified protocol/time model; full original
configs in artifact.

Auxiliary state increases communication
(Table XI); full original configs in artifact.

Unified protocol/time model; full original
configs in artifact.

Our async eval uses nmin € {20, 50} and
staleness bound 10 (Section IV-F).

TABLE VII

ORIGINAL-PAPER HEADLINE EXPERIMENTAL SETTINGS VERSUS THE UNIFIED SETTINGS USED IN OUR Plato EVALUATIONS (PART II: PERSONALIZED
FEDERATED LEARNING). FOR COMPACTNESS WE SHOW REPRESENTATIVE METHODS; FULL PER-METHOD CONFIGURATIONS ARE IN OUR
REPRODUCIBILITY ARTIFACT. UNLESS STATED, OUR UNIFIED SETTINGS USE N/n/E=1000/100/5 (TABLE V).

Orig.

Algorithm N/n/E

Original paper: headline
workload(s)

Original paper: key settings (as reported)

Notes on setting differences / reproduction
status

Personalized federated learning

APFL [39] MNIST + logistic regression 100/100/- No client sampling; local steps 7=10; Ir 0.1 with  Unified protocol/time model; full original configs
(strongly convex setting) linear decay; adaptive mixing c. in artifact.
Ditto [17] FEMNIST/CelebA (benchmarks; varies  Per-device proximal term X (selected via local Unified protocol/time model; full original configs
multiple models) validation); personalized model stays local; global  in artifact.
trained FedAvg-style.
FedRep [14] CIFAR-10 + CNN 1(1)81110 / r=A0.1; alternate head vs representation (e.g., 10+1 Payload split reduces transmitted parameters;
(CIFAR-100/FEMNIST/Sent140 epochs); T=100 (CIFAR). communication implications in Section I'V-I.
also reported)
FedBABU [15] CIFAR-100 + MobileNet 100/10/10 Client fraction f=0.1; local epochs 7=10; Ir Unified protocol/time model; full original configs
schedule with decays; evaluates after fine-tuning in artifact.
stage.
LG-FedAvg [16] MNIST + (local feature extractor  100/10/1 C=0.1; E=1; communicates only global head/last Model split changes payload; communication
+ small global head) layers to reduce communication. implications in Section IV-I.
Per-FedAvg [18] CIFAR-10 + 2-layer MLP 50/10/4  Participation r=0.2; 7 € {4, 10}; meta inner/outer Meta inner/outer loop adds local computation;

(MNIST also reported)

(a=0.01, $=0.001); K=1000 rounds.

we report time-to-target and bytes-to-target under
our cost model.

weighted server aggregation algorithms in the literature that
were designed to improve FedAvg’s performance: FedAdp [7]
and FedAtt [8]. Across all four image-classification panels
in Fig. 3, we additionally overlay MOON [20] and FedDF [9] to
distinguish two adjacent but different directions: MOON modifies
the client-side local objective with a contrastive regularizer,
while FedDF replaces weighted averaging with server-side
distillation/fusion over a shared proxy set.

FedAdp [7] sought to accelerate model convergence with the
presence of non-i.i.d. data distributions across different clients,
by assigning weights to each client based on its “contribution,”
evaluated based on the moving average of the cosine similarity
between its local gradients and the global gradients. The
intuition was that clients with local gradients that were more
similar to the global gradients should be given more weight,
as their updates were more likely to improve the global model.

Though FedAtt [8] proposed a different weighting algo-

rithm for server aggregation, its overarching objective was the
same: to produce a global model that is closely aligned with
local updates. Instead of using cosine similarity, FedAtt com-
putes the aggregation weights based on layer-wise “attention
scores,” which is computed layer-by-layer by calculating the
norm of the difference between the local and global parameter
matrices in each layer.

We now begin our evaluations of FedAdp and FedAtt,
both state-of-the-art weighted server aggregation algorithms,
against FedAvg, our baseline. Before we discuss our obser-
vations, it is worth noting that substantial performance gains
were reported in the literature; e.g., a reduction of commu-
nication rounds of up to 54% using FedAdp; and with the
same number of rounds, an validation accuracy improvement
of up to 27% using FedAtt. Our results over four combinations
of image classification datasets and models, shown in Fig. 3,
painted a remarkably different picture. In three of the four
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Fig. 3. Evaluating weighted server aggregation algorithms (FedAvg, FedAdp,
and FedAtt) and their adjacent algorithm designs (MOON, and FedDF), using
the elapsed wall-clock time as the performance metric, and with the presence
of non-i.i.d. data distributions.

tasks, FedAvg slightly outperformed both FedAdp and FedAtt
in terms of the elapsed wall-clock time, and with ResNet-18
on CIFAR-10, FedAvg’s performance is a close second. If one
must select a “winner,” it would be FedAvg, as FedAtt was
not as stable during convergence, and FedAdp severely under-
performed with VGG-16 on CINIC-10.

Across all four image-classification panels in Fig. 3, we
additionally include MOON and FedDF as reference overlays
because they test a different design hypothesis from weighted
averaging. MOON keeps the server aggregation rule simple but
changes the local training loop with a contrastive objective,
whereas FedDF fuses client models through server-side distil-
lation on a deterministic proxy split reserved from the corre-
sponding training distribution. We therefore interpret these two
families of curves as a scoped comparison point for adjacent
design choices under the same unified time model, rather than
as evidence that the entire server-aggregation landscape can
be reduced to weighted averaging alone.

As no complete source code is made available from these
original papers, and because their experimental protocols
(workloads, budgets, and reported metrics) differ from ours,
we do not attribute the observed gaps to the algorithms
themselves. Instead, we report these results as “under our
unified settings and time model” and treat them as a repro-
ducible comparison point. Plausible sources of discrepancy
include differences in (1) client participation rates (n /N) and
heterogeneity models, (2) what is communicated (gradients vs.
weight deltas) and whether additional randomization/noise is
enabled, and @ evaluation budgets (rounds vs. time-to-target).

In addition to image classification tasks, we are also in-
terested in how server aggregation algorithms perform on
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Fig. 4. Evaluating server aggregation algorithms with the Distilled-GPT2
model and the Tiny-Shakespeare dataset, and with both synchronous and
asynchronous modes of training. As a language modeling task, the quality of
a model is evaluated using its perplexity (lower values are better).

language modeling tasks. Fig. 4(a) and Fig. 4(b) show their
performance training DistilGPT2 on Tiny-Shakespeare,
with the synchronous and asynchronous modes of training,
respectively. Under this workload and our time model, FedAdp
is comparable to FedAvg while FedAtt does not reach the
target within our asynchronous budget. Since this task does
not exhibit label-induced non-i.i.d. heterogeneity, we view
these results as a reminder that re-weighting rules tuned for
heterogeneous supervised settings may not transfer uniformly
across workloads; we therefore avoid making general claims
beyond the evaluated settings.

Beyond the results we presented so far, we have also
conducted a large number of additional experiments with
alternative algorithms of assigning weights to different clients
during server aggregation. We observed no statistically signif-
icant advantage over FedAvg by varying the assigned weights.
Conceptually, it is reasonable to assign more weights to clients
with data of higher quality; but in practice, it is difficult to
accurately assess the quality of data on each client, especially
if we consider all potential datasets and models.

D. Client Training Loop Customization Algorithms

Rather than assigning different weights to clients during
server aggregation, it was also proposed in the literature that
the training loops on the clients can be customized instead.
In a similar spirit as server aggregation, when a client’s local
training deviates from the global model substantially, it may
suffer from low data quality, and should be adjusted with a
regularizer. We evaluate three such algorithms in this category
— FedProx [10], SCAFFOLD [11], and FedDyn [40] — against
FedAvg, our baseline.

Reported gains for training-loop customization methods are
typically under paper-specific workloads and budgets and are
often summarized in rounds. Under our unified settings and
simulated time-to-target metric (Section III-E), we do not
observe consistent improvements over FedAvg across the four
workloads in Fig. 5. In particular, SCAFFOLD does not reach
the target within the budget when training ResNet-18 on
CIFAR-10, and both FedProx and FedDyn can lag behind
FedAvg on larger models, even when they are competitive on
simpler workloads.
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Fig. 5. Evaluating three client training loop customization algorithms —
FedProx, SCAFFOLD, and FedDyn — using the elapsed wall-clock time as the
performance metric, and with the presence of non-i.i.d. data distributions.

Because several papers do not provide end-to-end reference
code and the exact hyperparameter schedules, we do not claim
to reproduce their convergence trajectories. Our experiments
also highlight a practical trade-off that can be obscured
when comparisons are reported only in rounds: training-
loop customization can increase per-round compute and/or
communication (e.g., SCAFFOLD communicates model-sized
control variates), so improvements in rounds do not necessarily
translate to improvements in elapsed time or bytes-to-target.
We therefore report communication-volume estimates as a
complementary metric in Section IV-I (Table XI).

Last but not the least, it is worth noting that customizing
client training loops is not feasible in most scenarios where
the training loop is supplied by the underlying framework,
rather than manually implemented (as is typical in simple
PyTorch tutorials). For example, training loops for models
in the Hugging Face repository are supplied by the Hugging
Face training stack, and manual customization requires both
access to the underlying code path and in-depth understanding
of its execution. In this paper, we therefore do not evaluate
training-loop customization algorithms on the HuggingFace-
based Distilled-GPT2 workload; however, we do evaluate
server aggregation on Distilled-GPT2+Tiny-Shakespeare
in Fig. 4.

E. Client Selection Algorithms

Client selection algorithms addressed the challenge of non-
ii.d. client data distributions using a substantially different
approach: they proposed to select clients with high-quality
data to begin with in each round. In this category, we choose
to evaluate the following three state-of-the-art algorithms,
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Fig. 6. Evaluating three client selection algorithms — Oort, Active FL, and
Pisces — using the elapsed wall-clock time as the performance metric, and
with the presence of non-i.i.d. data distributions.

using different measures to select clients from the server’s
perspective:

> Oort [12] used a measure calculated during the local
training process, called wutility, to estimate the quality
of data on each client. The utility of a client is simply
computed based on its training loss.

> Active FL [22] is a federated active learning method
that uses a measure called value function to evaluate the
quality of data on each client, which, similar to Oort, is
also computed from training-loss signals. The reviewer-
suggested CHASe method [23] is technically relevant
here because it makes client heterogeneity explicit in the
data-selection criterion rather than treating client choice
as a purely utility-driven ranking.

> Different from Oort and Active FL, Pisces [13] was
proposed to improve performance in asynchronous FL
scenarios. In Pisces, clients were selected the same
statistical utility computed with the training loss as in
Oort, combined with the degree of staleness on slower
clients due to asynchronous aggregation. Clients with
lower utilities and higher degrees of staleness were less
likely to be selected.

These client-selection methods are adjacent to personalized
FL, but they solve a different problem: selection changes who
contributes to training, whereas personalization changes what
each client ultimately keeps. We cite CHASe [23] here as
literature context for heterogeneity-aware selection, but we do
not treat it as an additional personalized-FL baseline in our
evaluation suite.

Our experimental results have been shown in Fig. 6, using
the same combinations of datasets and models. In our results,
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Fig. 7. Evaluating (1) server aggregation; (2) client training loop customization; and (3) client selection algorithms with an extreme non-i.i.d. Dirichlet
distribution, where v = 0.1. The ResNet-18 model is trained on the CIFAR-10 dataset, and 100 out of 1000 clients are selected in each round.

there is no clear “winner” across the board: Oort performed
best on the CINIC-10@ dataset, Active FL performed the best
on CIFAR-10, Pisces performed the best on FEMNIST, and
FedAvg performed best on EMNIST. In all our results except
FEMNIST, the differences are marginal. With FEMNIST, the
performance gap is approximately 4% (72% vs. 68%) in the
model accuracy after convergence, comparing Pisces with
FedAvg at around 380s. Given that the FEMNIST dataset is
handcrafted to represent an extreme non-i.i.d. distribution,
such a performance gain in accuracy — and no performance
gains in the speed of convergence — is quite marginal.

In this extreme non-i.i.d. setting, we observe that biased
client selection algorithms can concentrate participation on
a subset of clients that appear “high utility” under their
scoring rules. This can reduce time-to-target in some cases,
but it also raises a familiar exploitation—exploration tension:
aggressive exploitation may reduce coverage of the population
distribution and can increase overfitting risk if the selected
subset is not representative. We therefore treat these algorithms
as workload- and heterogeneity-dependent, and we avoid pre-
senting them as uniformly superior to random selection.

F. Extreme Data Heterogeneity

The observation that Pisces outperformed FedAvg with
an extreme non-i.i.d. data distribution, represented by the
FEMNIST dataset, was quite intriguing, and motivated us to
perform more experiments in more extreme settings of data
heterogeneity across all three categories: server aggregation,
customizing client training loops, and client selection. As
existing algorithms in all these categories were proposed to
address the challenge of data heterogeneity, we wonder if
more extreme data heterogeneity conditions may widen the
performance advantages over FedAvg.

We show our results in Fig. 7, where client data follows an
extreme non-i.i.d. Dirichlet distribution with o« = 0.1. Under
this setting and our time model, training-loop customization
methods are not consistently competitive: SCAFFOLD does not
converge within the budget, and both FedProx and FedDyn
can be slower than FedAvg. For server aggregation, FedAdp
converges faster than FedAvg in this particular setting, while
FedAtt does not converge within the budget, suggesting
that the choice of re-weighting rule can substantially affect

stability. For client selection, biased policies can improve time-
to-target and/or final accuracy in this extreme heterogene-
ity regime, but we emphasize that these gains are settings-
dependent and may not generalize beyond the tested scenario.

At this point, it is worth noting that such extreme non-
ii.d. data distributions may be a rare occurrence in practice.
Consider a handwriting recognition task that the EMNIST
dataset embodies: it would have been inconceivable that each
user would always write just several of the digits and charac-
ters, and none of the remaining ones.

To summarize, Table VIII presents the time required for
each algorithm to reach the target accuracy listed in the last
row (bold indicates the best time-to-target for each workload).
Overall, there is no single method that dominates across
workloads under our unified settings and time model. FedAvg
remains a strong baseline and is often close to the best
performer; client selection can help in some heterogeneous
regimes but does not uniformly improve results; and for
training-loop customization methods, the additional computa-
tion/communication overhead can offset their intended benefits
in time-to-target comparisons.

G. Asynchronous Federated Learning

In addition to synchronous FL settings, we are also intrigued
about how these client selection algorithms perform in asyn-
chronous FL settings. As we presented in Section III-E, a
substantial amount of effort has been made to allow Plato
to support asynchronous FL settings at a larger scale, with
simulated wall-clock times and limited GPU hardware. Such
an investment of development effort is largely due to the fact
that asynchronous FL is not only more performant than it
synchronous counterpart, but more practical as well. Indeed, a
more recent client selection algorithm, Pisces [13], is specifi-
cally designed for asynchronous training.

With a total of 1000 clients and 100 of them selected the
first round, our experimental results are shown in Fig. 8.
Nmin, the minimum number of client updates that the server
should wait for before aggregating, is set to 20 and 50 in our
EMNIST and CIFAR-10 tasks, respectively. The staleness bound
is 10, implying that if a client is more than 10 rounds behind
the current global model, the server would need to wait for
the client to finish. As one can observe in our results, the



TABLE VIII
THE ELAPSED TIME TO CONVERGE TO A TARGET ACCURACY: A COMPARISON ACROSS SERVER AGGREGATION, CLIENT TRAINING LOOP
CUSTOMIZATION, AND CLIENT SELECTION ALGORITHMS.

CIFAR-10 +
. . EMNIST + FEMNIST+ CIFAR-10 + CINIC-10 +
Categories Algorithms || "y oNet-5 | LeNet-5 ResNet-18 VGG-16 ResNet-18
Dirichlet o = 0.1
FedAvg 632s 368s 1391s 219s 1640s
Server Aggregation FedAdp 953s 388s 1089s 286s 1421s
FedAtt 616s 362s failed to reach 449s failed to converge
FedProx 659s 351s 1710s 473s 2237s
Client Training Loop Customization Scaffold 689s 341s failed to converge 424s failed to converge
FedDyn 653s 345s 3786s 479s 4959s
Oort 801s 405s 1380s 167s 1228s
Client Selection Active FL 672s 330s 1292s 192s 1434s
Pisces 725s 222s 1382s 204s 1169s
Model Target Accuracy | 74% | 68% | 73% | 43% | 70%
TABLE IX

THE ACCURACY OF THE MODEL CONVERGING AFTER THE EXACT NUMBER OF ROUNDS WE RAN: A COMPARISON ACROSS SERVER AGGREGATION,
CLIENT TRAINING LOOP CUSTOMIZATION, AND CLIENT SELECTION ALGORITHMS.

CIFAR-10 +
. . EMNIST + | FEMNIST+ CIFAR-10 + CINIC-10 +
Categories Algorithms 1} oNet—5 | LeNet-5 ResNet-18 VGG-16 _ ResNet-18
Dirichlet @« = 0.1
FedAvg 74.73% 68.2% 73.42% 43.4% 67.96%
Server Aggregation FedAdp 73.79% 68.33% 74.24% 42.62% 67.49%
FedAtt 75.24% 69.08% failed to reach 42.85% failed to converge
FedProx 75.5% 68.18% 73.72% 42.68% 68.93%
Client Training Loop Customization Scaffold 74.66% 68.86% failed to converge 42.46% failed to converge
FedDyn 74.73% 68.58% 72.26% 43.8% 69.07%
Oort 74.72% 67.76% 74.04% 43.94% 74.02%
Client Selection Active FL 74.59% 69.23% 73.59% 43.22% 71.85%
Pisces 74.63% 73.13% 73.65% 43.3% 72.49%
Model Target Running Rounds I 40 | 75 | 40 | 10 | 40
performance of these client selection algorithms (including
random selection in FedAvg) is broadly comparable under
our asynchronous configuration. Oort and Active FL slightly P e ”
outperform FedAvg in our EMNIST task, whereas Pisces is ” °
B . g 50 s
slightly weaker than FedAvg in both tasks. 3 7
To further drive home the performance difference between  §,, g
. . . . < H <
these client selection algorithms, we show in Table X the 0l Feihg * Fedhg
. . . i ~== Oort ~=- Oort
elapsed wall-clock time, as simulated by Plato, required for w0{i sciverL ® seivert
. —— Pisces o —— Pisces

them to converge to a specific target accuracy. The results
indicate that FedAvg is competitive in time-to-target under
our asynchronous configuration, and it is the fastest in some
settings (e.g., CIFAR-10). These results suggest that custom-
tailored client selection algorithms that rely on utility esti-
mates may not improve performance uniformly across tasks,
reinforcing the need to report results under clearly specified
settings and metrics.

H. Personalized Federated Learning

Personalized federated learning has recently emerged as one
of the most actively investigated topics in the general area
of federated learning. The overall objective of proposed per-
sonalized FL algorithms in the literature was to train models
with excellent validation accuracies when tested with local
data on each client. The fundamental assumption was that,
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Fig. 8. Comparing client selection algorithms in asynchronous FL training with
an extreme non-i.i.d. Dirichlet distribution, where o = 0.1.

TABLE X

COMPARING THE ELAPSED TIME TO CONVERGE TO A TARGET ACCURACY.

Tasks Model Target Algorithms
Accuracy FedAvg  Oort  Active FL  Pisces
EMNIST +
LeNet—5 ‘ 73% 619s 464s 563s 696s
CIFAR-10 +
ResNet-18 74% 1327s 1433s 1456s 1626s
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Fig. 9. Validations of personalized federated learning algorithms with training the (1) LeNet-5 model on the FEMNIST dataset; (2) training the ResNet-18
model on the CIFAR-10@ dataset. And (3) an example of evaluating payload processors (e.g., compression/quantization/pruning) as modular components that

alter communication cost.

by collaborating with other clients using federated learning, a
shared global model could be obtained to further improve local
validation accuracies, as compared to using local data only for
local training. This assumption holds due to data heterogeneity
across different clients.

Before we start to examine personalized FL algorithms in
the literature, it is worth pointing out that an intuitive baseline
is to first use FedAvg as the server aggregation algorithm to
train a global model, and after a target accuracy or round
is reached, then apply local fine-tuning to the converged
global model using local data on each client. Such an intu-
itive baseline, simply called FedAvg in our experiments, has
also been mentioned in the literature. For example, Adaptive
Personalized Federated Learning (APFL) [39] included this
baseline algorithm in its comparison study, calling it Localized
FedAvg.

As we began to examine the literature, however, we made
a few rather surprising discoveries, with both good and bad
news to share about evaluating personalized FL algorithms. On
the one hand, the good news is that most related works in the
literature share the same performance objective of maximizing
the average local validation accuracy across all clients. Though
some existing works propose to guarantee some degree of
fairness, maximizing the average local validation accuracy
remains to be a key performance metric.

On the other hand, the bad news is that existing designs
are substantially different, making it challenging to compare
them fairly across-the-board. For example, some related works,
such as Ditto [17], APFL [39], LG-FedAvg [16] and Per-
FedAvg [18], perform their personalization steps during the
FL training process, while others, such as FedBABU [15] and
Localized FedAvg, start their personalization steps only after
the training process concludes and the shared global model
converges.

Even for personalized FL algorithms that fall into the same
category and perform their personalization during the training
process, it is technically challenging to compare them fairly
across-the-board. If we carry out an in-depth investigation,
some algorithms, such as Ditto [17] and LG-FedAvg [16],
perform twice the number of epochs in each round of local
training. It is obviously not fair to compare the local validation
accuracies of algorithm A with its alternative algorithm B

that uses twice the number of epochs every round, without
doubling the number of epochs for A.

Despite all the technical difficulties against fair com-
parisons, we have meticulously implemented eight dif-
ferent personalized FL algorithms in Plato: APFL [39],
Ditto [17], FedPer [41], LG-FedAvg [16], Per-FedAvg [18],
FedBABU [15], FedRep [14], and last but not the least,
Localized FedAvg with a personalization phase after the model
converges.

Taken together, these methods are not interchangeable im-
plementations of a single idea: some personalize by changing
the local objective during training, while others defer per-
sonalization until after the shared model converges. That dis-
tinction matters in our benchmark because the personalization
phase changes both the computation budget and the payload
exchanged during training, so we keep the methods separate
rather than collapsing them into one aggregate “personaliza-
tion” score.

When we train the LeNet-5 model with the FEMNIST
dataset, shown in Section IV-H, it turns out that Localized
FedAvg, shown as FedAvg in the figure, demonstrated the best
performance among all 8 personalized FL algorithms, when
performance is evaluated using the average local validation
accuracies across all clients. Though some alternative algo-
rithms such as APFL and Ditto showed similar performance
as FedAvg, others performed poorly in this simple benchmark.
LG-FedAvg shows rapid convergence initially, but its average
local accuracy after convergence is mediocre at best. FedRep
and Per-FedAvg showed the worst performance in the pack,
showing abysmally slow convergence over time.

If we switch to a more challenging training workload that
trains a ResNet-18 model on the CIFAR-10 dataset, shown
in Section IV-H, Per-FedAvg and FedBABU, surprisingly, took
the top two spots in the performance ranking, matching the
convergence speed of FedAvg. Ditto, which showed compe-
tent performance with the LeNet-5 model, performed poorly
this time, due to its high communication overhead that took
twice as long in wall-clock time to converge.

By comparing the performance of the same algorithm across
both benchmarks, we make a surprising observation that
some algorithms, such as Per-FedAvg and Ditto, showed
remarkably inconsistent performance. They often show leading



TABLE XI
APPROXIMATE COMMUNICATION VOLUME PER ROUND UNDER OUR
UNIFIED SETTINGS (TABLE V), ASSUMING FULL-PRECISION MODEL
EXCHANGE (DOWNLOAD + UPLOAD) WITH NO COMPRESSION AND
IGNORING METHOD-SPECIFIC AUXILIARY STATE (E.G., CONTROL
VARIATES).

Workload Model size (MB) Volume/round
EMNIST + LeNet-5 0.24 48 MB
CIFAR-10 + ResNet-18 42.70 8.54 GB
CINIC-10 + VGG-16 56.25 11.25 GB

performance in one benchmark, while offering very poor
performance in another. The most consistent option, as we
can easily observe, is Localized FedAvg, which outperformed
all other algorithms in the LeNet-5 benchmark, and among
the top 3 in the ResNet-18 benchmark. If one were asked
to choose a personalized FL algorithm in practice, localized
FedAvg is, without a doubt, more likely to be chosen.

1. Communication Efficiency and Payload Processing

Communication-efficient FL algorithms target the band-
width and latency bottlenecks of federated training by re-
ducing transmitted bytes or by changing what is communi-
cated (e.g., compressed model updates, quantized weights,
sparse/structured updates, and method-specific auxiliary state).
In Plato, such functionality is exposed through payload and
communication strategies and processor pipelines, which can
transform outbound payloads before transmission and recon-
struct them on receipt (e.g., compression/decompression, en-
cryption/decryption, and safetensor serialization). This design
allows communication-efficient algorithms to be benchmarked
alongside algorithmic changes (aggregation, client selection,
and training-loop customization) under a consistent metric
suite, including wall-clock time and communication volume.

V. CONCLUDING REMARKS

We designed and built Plato, an open-source benchmarking
framework for federated learning research, with a primary
focus on reproducible benchmark comparisons across a large
number of federated learning algorithms at scale, yet with
limited GPU hardware. In this paper, we presented the design
and implementation highlights in Plato; but more importantly,
we reported findings from evaluating representative algorithm
families under unified settings and a consistent wall-clock time
model.

Overall, across the classic benchmark workloads we evalu-
ated under our unified configurations and simulated wall-clock
time model, FedAvg with random client selection remains a
remarkably strong and stable baseline, often matching—and
sometimes exceeding—the time-to-target performance of more
complex alternatives once their added computation, commu-
nication, and tuning overheads are accounted for. Importantly,
we do not interpret these results as a universal statement about
the intrinsic merit of any algorithm; rather, they highlight that
reported gains can be highly workload- and setting-dependent,
and that no single method consistently dominates across tasks,

models, and heterogeneity regimes. We observed the clearest
improvements over FedAvg primarily in client selection under
extreme data heterogeneity, suggesting that modest scheduling
bias can be beneficial in some regimes, but also that such
gains should be reported alongside their potential exploration-
exploitation tradeoffs and communication cost. We hope Plato
and the accompanying reproducibility artifacts encourage fu-
ture studies to make these tradeoffs explicit — by validating
implementations, pinning configurations, and reporting time-
to-target (and, when relevant, communication volume) —
so that performance claims become easier to substantiate,
compare, and transfer to new deployments.
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