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Abstract

The ever-growing volume and decentralized nature of data have led to the extensive use of
distributed deep learning (DDL) and Federated Learning (FL), both of which struggle with
the high cost of transmitting large models. State-of-the-art techniques typically prescribe
rigid communication intervals in arbitrary and non-principled ways. To make matters
worse, modern language and vision models are rapidly increasing in size. These limitations
call for a more principled, adaptive approach to synchronization. To address this, we
propose Federated Dynamic Averaging (FDA), a communication-efficient strategy that
dynamically triggers synchronization based on real-time training dynamics by monitoring
model variance. Our experiments with well-established vision models and tasks show that
FDA significantly reduces communication costs while maintaining robust performance
across diverse heterogeneity settings. Building on these insights, we also introduce the
FDA-Opt family of algorithms—a unified generalization of both FDA and the widely
used FedOpt—designed to work out of the box without any calibration. Our experiments
focus on fine-tuning pre-trained Language Models (LMs) to downstream NLP tasks and
demonstrate that FDA-Opt consistently outperforms FedOpt, even when configured
with hyper-parameters optimized for the latter. These results establish FDA-Opt as a
practical, drop-in replacement for FedOpt in modern FL libraries and systems.
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1. Introduction

In today’s data-driven landscape, leveraging data effectively has become both an oppor-
tunity and a challenge. Sensitive data, such as patient records in healthcare or personal
information from mobile applications, is often siloed due to privacy concerns [91] and strin-
gent regulations [77]. While necessary for protecting user rights, these restrictions hinder
the potential of machine learning solutions, as they prevent data from being centralized for
training. Such constraints pose significant challenges to the application of Deep Learning
(DL) techniques, particularly in scenarios where scalability and efficiency are paramount.

To tackle these scalability concerns, Distributed Deep Learning (DDL) has emerged
as an alternative to traditional centralized training approaches [96, 10], offering efficient
learning over large-scale data across multiple worker-nodes, enhancing the speed of training
DL models and paving the way for more scalable and resilient DL applications [75, 50, 36,
95, 13]. This distributed training approach typically follows an iterative process involving
local computation followed by a phase of model synchronization. For example, the bulk
synchronous parallel (BSP) approach [76], performs a single step of local training and
then averages the local model updates to form a global model [96]; this is repeated until
convergence.

A significant challenge inherent in the traditional techniques, especially in federated
settings where worker interconnections are slow, is the communication bottleneck, which
severely restricts system scalability [71, 83]. More specifically, the communication bottle-
neck arises from the frequent exchange (synchronization) of model parameters—often in
the range of billions—across distributed workers. The synchronization process entails sub-
stantial data volume transfer and generally dominates the overall training time, leading to
a low computation-to-communication ratio [61, 19]. Addressing this challenge to expedite
DDL algorithms has been a focal point of research for many years; speeding-up SGD is
arguably among the most impactful and transformative problems in machine learning [81].

Among the most communication-sensitive and practically significant applications of
DDL is Federated Learning (FL)—a paradigm specifically designed to train models across
decentralized data sources without requiring raw data exchange [31]. To better understand
the importance of communication-efficiency in FL, it is crucial to examine how this learn-
ing approach operates in practice. In a typical FL setting, a central server orchestrates
the training process across multiple data owners. Training proceeds in iterative rounds
(Figure 1.1), each consisting of four key steps: broadcast, local training, collection, and
aggregation. The server first broadcasts a global model to participating clients, who then
train the model locally using their private data. After training, clients send their updates
back to the server, who aggregates them into a new global model. These FL training
rounds are repeated thousands of times until the model converges. Despite its conceptual
simplicity, a critical open question remains: When should the server collect model updates?
When should a round end?

This question lies at the heart of communication-efficient federated and distributed
optimization [79]. Since communication is expensive, the frequency and timing of model
collection must be carefully chosen to strike a balance between convergence speed and
resource consumption. Over the years, several strategies have emerged to address this
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Figure 1.1: A Federated Learning Round

trade-off, each offering a different answer to how often synchronization should occur. In
what follows, we overview prominent solutions to this problem.

The most direct approach is Local-SGD, which reduces the frequency of model col-
lection by allowing workers to perform τ local update steps before aggregation [93, 23].
Although Local-SGD is effective in reducing communication while maintaining compara-
ble model quality [81], selecting an optimal value for τ remains a major challenge. Only
a handful of studies offer theoretical insights into its impact on convergence [81, 66, 93].
Building upon both theoretical and empirical findings from the Local-SGD literature, re-
searchers have proposed the FedOpt family of algorithms [58], which retains the same
collection schedule but replaces simple averaging with adaptive server-side optimization
techniques.

However, these methods have two significant limitations. First, they assume the train-
ing process is static, with configurations predefined throughout training, without taking
into account real-time training dynamics. Second, the choice of the number of local steps
is arbitrary and lacks justification. Lower values may improve convergence but skyrocket
communication overhead, while higher values reduce communication cost but risk unpre-
dictable training behavior or, in many cases, non-convergence [93].

To address these limitations, more sophisticated communication strategies introduce
varying sequences of local update steps {τ0, ..., τR}, instead of a fixed τ . In [80], in order to
minimize convergence error with respect to wall-time, the authors proposed a decreasing
sequence of local update steps. Conversely, the focus in [23] was on reducing the number
of communication rounds for a fixed number of model updates and an increasing sequence
emerged. These contrasting approaches underscore the multifaceted nature of commu-
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nication strategies in distributed deep learning, highlighting not only the absence of a
one-size-fits-all solution but also the growing need for dynamic, context-aware strategies
that can continuously adapt to the specific intricacies of the learning task.

Contributions. To address this problem, we first introduce the Federated Dynamic
Averaging (FDA) [72] algorithm, presented in Chapter 3. Then, in Chapter 4, we propose
the FDA-Opt [73] family of algorithms, which generalizes both FDA and FedOpt. The
main contributions of this thesis are summarized as follows:

• We propose FDA, an algorithm that dynamically decides to synchronize local work-
ers when model variance across workers exceeds a threshold. This strategy drasti-
cally reduces communication, while preserving cohesive progress towards the shared
training objective.

• We propose two variants of FDA, which differ in the amount of information pre-
served in the local states that are transmitted by each worker and aggregated for
subsequent estimation of model variance. These two variants, termed SketchFDA
and LinearFDA, offer a different balance between communication efficiency and
approximation accuracy.

• We evaluate and compare FDA with other DDL algorithms through a comprehensive
suite of experiments with diverse datasets, models, and tasks. Our experiments
demonstrate that FDA outperforms traditional and contemporary FL algorithms
by 1-2 orders of magnitude in communication savings, while maintaining equivalent
model performance. Furthermore, it effectively balances the competing demands of
communication and computation, providing greatly improved trade-offs.

• We demonstrate FDA’s robustness in various challenging Non-IID settings, com-
mon in real-world Federated Learning applications. While state-of-the-art methods
typically require substantially more resources to converge under Non-IID conditions,
FDA maintains consistent and comparable performance across both IID and Non-
IID settings.

• We propose the FDA-Opt family of algorithms, a unified generalization of both
FDA and FedOpt. In doing so, we introduce a dynamic scheme for the variance
threshold, removing the need for any manual configuration, and completely alleviate
the original synchronization bottleneck.

• We show that FDA-Opt outperforms FedOpt in communication-efficiency, achiev-
ing improvements of at least 2× while operating under conditions optimized for
FedOpt (the competitor). Specifically, we manually identify the optimal hyper-
parameter configurations for each FedOpt algorithm, and then apply the same con-
figurations to our proposed FDA-Opt counterparts. Remarkably, even with these
“unfair” and “rigged” hyper-paremeters, FDA-Opt achieves 2× greater communication-
efficiency for the same model performance. This has the important implication that
hyper-parameters proven effective for FedOpt in the literature can be directly lever-
aged to configure our proposed algorithms.

• We show that all FDA-Opt algorithms converge to 5×–10× lower training loss than
their FedOpt counterparts within the same number of rounds.

Thesis Outline. This thesis is structured as follows. Chapter 2 provides the necessary
background on federated optimization. Chapter 3 presents the first main contribution of
the thesis: the FDA algorithm. Chapter 4 builds on this by proposing the FDA-Opt
family of algorithms, which addresses the key limitations of both FDA and FedOpt.
Finally, Chapter 5 concludes the thesis and outlines directions for future work.
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2. Preliminaries

2.1 Descend Methods

Consider a differentiable function f : Rd → R. We will refer to f as the objective function.
We want to solve the unconstrained optimization problem:

minimize
w∈Rd

f(w)

The algorithms described in this section produce a minimizing sequence wt, t = 1, . . . ,
where

wt+1 = wt +mt∆wt

and mt > 0 (except when wt is optimal). Here the concatenated symbols ∆ and w
that form ∆wt are to be read as a single entity, a vector in Rd called the step or search
direction, and t = 1, . . . , denotes the iteration number. The scalar mt is called the step
size or step length at iteration t. We will drop the superscripts and use the lighter notation
w ← w +m∆w, in place of wt+1 = wt +mt∆wt.

The outline of a general descent method is as follows: It alternates between two steps:
determining a descend direction ∆w, and the selection of a step size m.

Algorithm 1 General descent method [8]

given A starting point w ∈ dom f
repeat

1: Determine a descent direction ∆w
2: Line search. Choose a step size m > 0
3: Update. w ← w +m∆w

until stopping criterion is satisfied

The second step is called the line search since selection of the step size t determines
where along the line (more accurately, ray) {w+m∆w | m ∈ R+} the next iterate will be.
There are many different line search methods, each with its own advantages and specific
use cases [8].

2.1.1 Gradient Descend

A natural choice for the search direction is the negative gradient ∆w = −∇f(w). The
resulting algorithm is called Gradient algorithm or Gradient Descend method [8].

In the context of machine learning, particularly when training deep neural networks,
it’s common to use a fixed step size (learning rate) denoted as η for the gradient descent
method. This is primarily due to computational inefficiency, as performing a line search at
each step can be computationally expensive, especially when dealing with large datasets
and complex models. The update rule becomes:

w ← w − η∇f(w)

8
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2.1.2 SGD

Stochastic Gradient Descent (SGD) is a variation of the gradient descent method that
computes the gradient using a single randomly chosen example from the dataset at each
step, rather than the entire dataset. This makes SGD faster and more scalable to large
datasets compared to the standard gradient descent method.

In the context of training a machine learning model, we typically have a dataset of
examples and a loss function that measures how well the model fits each example. The
goal is to find the model parameters (denoted by w) that minimize the average loss over
all examples in the dataset. This is equivalent to minimizing the function

f(w) =
1

n

n∑
i=1

fi(w)

where n is the number of examples in the dataset, and fi(w) is the loss for the i-th example.
More specifically, fi(w) is the loss l(xi, yi;w) on example (xi, yi) with parameters w.

For the sake of succinctness and ease of understanding, we will use the notation fi(w)
to denote the loss for the i-th example throughout this thesis. This notation will allow us
to express complex mathematical concepts more clearly and concisely.

The update rule for SGD is similar to that of gradient descent, but with the gradient
∇f(w) replaced by a stochastic estimate of the gradient

w ← w − η∇fi(w)

where i is chosen uniformly at random from {1, . . . , n} at each step [8].
Despite its simplicity, SGD has proven to be highly effective for training a wide range of

machine learning models, including deep neural networks. However, one of the challenges
with SGD is the selection of the learning rate η. If η is too large, SGD may fail to converge;
if η is too small, the convergence may be too slow. Various strategies have been proposed
to adaptively adjust the learning rate during the course of optimization, leading to several
variants of SGD.

2.1.3 Mini-batch SGD

One popular variant of SGD is Mini-Batch Gradient Descent, which computes in parallel
the gradient using a small batch of examples at each step, rather than a single example.
This can lead to a more stable and accurate estimate of the gradient, while still being
much faster than computing the gradient over the entire dataset.

The update rule for Mini-Batch Gradient Descent is

w ← w − η∇fB(w)

where B is a mini-batch of examples chosen at random at each step. The function fB(w)
is the average loss over the examples in the mini-batch, and its gradient is computed as

∇fB(w) =
1

|B|
∑
i∈B
∇fi(w) (2.1)

where |B| is the number of examples in the mini-batch.
Mini-batch gradient descent strikes a balance between the computational efficiency of

stochastic gradient descent and the stability and accuracy of full-batch gradient descent1.

1Full-batch gradient descent refers to the variant of gradient descent where the gradient is computed
over the entire dataset at each step. This method provides the most accurate estimate of the gradient, but
it is computationally expensive and less scalable.
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By averaging the gradients over a mini-batch of examples, it reduces the variance of
the gradient estimates, which can lead to more stable and consistent progress towards a
minimum. This can be particularly beneficial in the presence of noisy data or non-smooth
optimization landscapes, where the gradient can vary significantly from one example to
another.

Moreover, Mini-Batch Gradient Descent is highly amenable to parallelization, as the
gradients for different examples in the mini-batch can be computed simultaneously. This
makes it a popular choice for training deep neural networks on modern hardware acceler-
ators such as GPUs, which can perform many computations in parallel.

However, similar to SGD, the choice of the learning rate and the mini-batch size can
significantly affect the performance of Mini-Batch Gradient Descent. A learning rate that
is too large can cause the method to diverge, while a learning rate that is too small
can result in slow convergence. Similarly, a mini-batch size that is too large can lead to
less frequent updates, which might slow down the convergence. On the other hand, a
mini-batch size that is too small can result in noisy gradient estimates. Therefore, these
hyperparameters often need to be carefully tuned for each specific problem.

In the machine learning community, the term Stochastic Gradient Descent (SGD) often
implicitly encompasses Mini-Batch Gradient Descent. While the original SGD algorithm
computes the gradient using a single example at each step, it’s common in practice to
use a mini-batch of examples for computational efficiency and stability. This mini-batch
variant is technically a different algorithm, but it’s often simply referred to as SGD,
without explicitly mentioning the use of mini-batches. The transition from single-sample
SGD to its mini-batch counterpart is straightforward, which further blurs the distinction
between the two in practical applications. Therefore, when interpreting machine learning
literature or using machine learning software, it’s important to understand that SGD might
actually be implemented as Mini-Batch Gradient Descent. This understanding simplifies
the discourse, as we can refer to both single-sample and mini-batch variants under the
umbrella term of SGD, without the need for constant differentiation.

2.1.4 SGDM

Stochastic Gradient Descent with Momentum (SGDM) [68] improves upon vanilla SGD
by incorporating a moving average of past gradients to accelerate convergence and reduce
oscillations, particularly in regions with pathological curvature.

At each iteration, SGDM maintains a velocity vector vt that accumulates a fraction
of the previous velocity and the current gradient. This results in updates that persist in
consistent directions and dampen oscillations in noisy or high-curvature areas.

The update rule is given by:

vt ← µ · vt−1 + η · ∇fi(wt−1)

wt ← wt−1 − vt

where µ ∈ [0, 1) is the momentum coefficient and η is the learning rate. The gradient
∇fi(wt−1) is typically computed using a mini-batch.

Compared to plain SGD, SGDM is more effective at navigating ravines and escaping
shallow local minima. It is widely used in deep learning and forms the basis of several
other optimizers.

2.1.5 Adam

Adaptive Moment Estimation (Adam), introduced in 2014 [34], combines the benefits of
Momentum [21] and RMSProp2. From Momentum, it incorporates exponentially weighted

2RMSProp was introduced in a Coursera lecture and not formally published.
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Algorithm 2 SGD with Momentum (SGDM) [68]

Require: η: Learning rate, µ ∈ [0, 1): Momentum coefficient
Require: f(w): Stochastic objective function
Require: w0: Initial parameters

v0 ← 0 ▷ Initialize velocity
t← 0
repeat

t← t+ 1
gt ← ∇wft(wt−1) ▷ Compute stochastic gradient
vt ← µ · vt−1 + η · gt ▷ Update velocity
wt ← wt−1 − vt ▷ Update parameters

until wt has converged
return wt

averages of past gradients to smooth updates. From RMSProp, it borrows per-parameter
scaling using an exponential average of squared gradients, helping navigate ill-conditioned
loss surfaces.

Adam maintains two moving averages: one for gradients (mt) and one for squared
gradients (vt), and applies bias correction to both. Parameters are updated by scaling the
step size η with the ratio m̂t/(

√
v̂t + ϵ), where ϵ prevents division by zero. All operations

are element-wise.
A key feature of Adam is its adaptive learning rate: parameters with consistently large

gradients receive smaller updates, and vice versa. This makes it well-suited for problems
with sparse gradients or noisy objectives, as in NLP and computer vision.

Adam is widely used due to its robustness, fast convergence, and minimal need for
hyperparameter tuning. Default values (β1 = 0.9, β2 = 0.999, ϵ = 10−8) generally perform
well, with the learning rate η being the most sensitive parameter.

In summary, Adam is a practical and effective optimizer, and remains a standard choice
in deep learning pipelines.

Algorithm 3 Adam [34]

Require: η: Step size (learning rate)
Require: β1, β2 ∈ [0, 1): Exponential decay rates for the moment estimates
Require: f(w): Stochastic objective function with parameters w
Require: w0: Initial parameter vector

m0 ← 0 ▷ Initialize 1st moment vector
v0 ← 0 ▷ Initialize 2nd moment vector
t← 0 ▷ Initialize step
repeat

t← t+ 1
gt ← ∇wft(wt−1) ▷ Get gradients w.r.t. stochastic objective at step t
mt ← β1 ·mt−1 + (1− β1) · gt ▷ Update biased first moment estimate
vt ← β2 · vt−1 + (1− β2) · g2t ▷ Update biased second raw moment estimate
m̂t ← mt/(1− βt1) ▷ Compute bias-corrected first moment estimate
v̂t ← vt/(1− βt2) ▷ Compute bias-corrected second raw moment estimate
wt ← wt−1 − η · m̂t/(

√
v̂t + ϵ) ▷ Update parameters

until wt has converged
return wt ▷ Resulting parameters
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2.1.6 AdamW

AdamW (Adam with decoupled weight decay), proposed in [48], is a modification of the
Adam optimizer that improves generalization by decoupling the weight decay term from
the gradient-based parameter updates.

Standard Adam applies ℓ2 regularization by adding the weight decay term directly to
the gradient, which has been shown to cause undesirable interactions with the adaptive
moment estimates. AdamW corrects this by applying weight decay after the Adam update,
resulting in clearer separation between optimization and regularization.

The update rule is as follows:

Algorithm 4 AdamW [48]

Require: η: Learning rate
Require: β1, β2 ∈ [0, 1): Decay rates
Require: λ: Weight decay coefficient
Require: f : Objective
Require: w0: Initial parameters

m0 ← 0, v0 ← 0, t← 0
repeat

t← t+ 1
gt ← ∇wft(wt−1)
mt ← β1mt−1 + (1− β1)gt
vt ← β2vt−1 + (1− β2)g2t
m̂t ← mt/(1− βt1)
v̂t ← vt/(1− βt2)
wt ← wt−1 − η · m̂t/(

√
v̂t + ϵ)− η · λ ·wt−1

until wt converges
return wt

AdamW retains the adaptive learning rate of Adam but separates regularization by
directly shrinking the weights after each update. This decoupling has been shown to
improve generalization and training stability in deep networks. Default hyperparameters
remain similar to Adam: β1 = 0.9, β2 = 0.999, ϵ = 10−8, with λ typically set between
10−5 and 10−2 depending on the application.

2.2 Federated Learning

Federated Learning (FL) is a distributed learning paradigm designed for scenarios where
data is generated and stored across multiple decentralized sources—such as smartphones,
hospitals, or edge devices—and cannot be shared due to privacy, regulatory, or commu-
nication constraints. Rather than aggregating data at a central location, FL enables
collaborative model training by bringing computation to the data. In this section, we
formally define the FL setup, present the foundational training process, and introduce the
FedOpt family of optimization algorithms that generalize the classical FedAvg method.
This context establishes the basis for our proposed dynamic training framework, Federated
Dynamic Averaging (FDA in Chapter 3), and its generalization, FDA-Opt, which will
be developed in Chapter 4.

2.2.1 Federated Learning Basics

Consider a scenario where we aim to train deep neural networks on data distributed across
multiple devices or organizations—such as smartphones, hospitals, or sensors—that cannot
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be exchanged due to constraints like privacy or regulatory restrictions. Federated Learning
(FL) addresses this challenge by enabling a set of clients, K, to collaboratively train a
deep learning model without sharing their data. Each client k ∈ K retains its private local
dataset, Dk.

Instead of centralizing data on a powerful cluster for training, FL reverses the tradi-
tional approach: training and computation are brought to the data, that is, to the clients.
Each client trains a model locally and shares updates with a central server, which consol-
idates them into a common global model, w ∈ Rd. The collective goal is to minimize the
overall training loss across all clients, which can be expressed as the following distributed
optimization problem [88]:

minimize
w∈Rd

F (w) ≜
1

|K|
∑
k∈K

Fk(w) (2.2)

Here, Fk(w) ≜ Eζk∼Dk
[ℓ(w; ζk)] is the local objective function for client k, and ℓ(w; ζk)

denotes the loss for a data sample ζk given the model w.

2.2.2 FedOpt: Generalized Federated Averaging

The most widely used algorithm for solving (2.2) is Federated Averaging (FedAvg) [51].
This method divides the FL training process into iterative rounds. At the beginning
of round t, the server broadcasts the current global model wt to a selected cohort of

participating clients St ⊆ K. Each client k ∈ St initializes its local model as w
(k)
t,0 = wt,

and performs τ local updates of Stochastic Gradient Descent (SGD) using its private

dataset Dk. After training, the client sends its updated model w
(k)
t,τ back to the server.

The server then aggregates the updates—typically via averaging3—to form the new global
model, wt+1.

Algorithm 5 FedOpt [58]

Input: Initial w0; ClientOpt, ServerOpt; Total rounds T ; Local training steps τ

1: for each round t = 0, . . . , T − 1 do
2: Sample a subset St ⊆ K of clients

3: Set w
(k)
t,0 = wt for all k ∈ St

4: for each client k ∈ St in parallel do
5: for each local step i = 1, ..., τ do

6: Compute a gradient estimate g
(k)
t,i−1 of ∇Fk(w

(k)
t,i−1)

7: w
(k)
t,i = ClientOpt(w

(k)
t,i−1, g

(k)
t,i−1)

8: ∆
(k)
t,τ = w

(k)
t,τ −w

(k)
t,0 ▷ Local model change

9: gt,τ = − 1
|St|
∑

k∈St
∆

(k)
t,τ ▷ “Pseudo”-gradient

10: wt+1 = ServerOpt(wt, gt,τ )
11: return wT

An indirect yet highly effective way to mitigate the communication burden of FL
is to accelerate convergence which led to efforts to incorporate accelerated optimization
techniques—such as Adam [34]—into the FL setting. However, FL clients typically lack

3To be precise, the aggregation is a weighted average based on the number of samples |Dk| owned by each
client; however, to simplify notation, and because the extension to a weighted average is straightforward,
we will use averaging throughout this chapter.

13



Preliminaries

Table 2.1: Overview of the FedOpt and FDA-Opt families of algorithms. Depending on
ClientOpt and ServerOpt a different name is derived for the FL algorithm. FDA-Opt
is our proposed algorithmic family, which will be introduced in Section 4.3.

FedOpt FDA-Opt (ours) ClientOpt ServerOpt
FedAvg [51] FDA-SGD [73] SGD SGD (lr = 1.0)
FedAvgM [28] FDA-SGDM [73] SGD SGDM [68]
FedAdam [58] FDA-Adam [73] SGD Adam [34]
FedAdamW [89] FDA-AdamW [73] SGD AdamW [48]
FedAdaGrad [58] FDA-AdaGrad [73] SGD AdaGrad [18]

enough data for robust statistical coverage and are often stateless, making adaptive op-
timization at the client level impractical. Instead, the key idea is to shift adaptive opti-
mization to the server.

Specifically, clients still perform τ local update steps of SGD, but instead of sending
back the final model weights themselves, each client computes its local model change (or
drift)

∆
(k)
t,τ = w

(k)
t,τ −w

(k)
t,0 ,

and sends this to the server. The server then averages the updates across clients to obtain
the average update direction

gt,τ = − 1

|St|
∑
k∈St

∆
(k)
t,τ ,

which we refer to as the “pseudo-gradient”. The term “pseudo” is used because even
though gt,τ is not a traditional gradient—it was not derived from a loss function via
backpropagation—it can still be treated in the same way [58]. The server then applies
a server-side optimizer, ServerOpt, to update the global model using this “pseudo”-
gradient. Importantly, since gt,τ aggregates updates from multiple clients, it offers suf-
ficient and trustworthy statistics, and the server can easily maintain the optimizer state
across rounds. In effect, this addresses the two challenges that make adaptive methods im-
practical on clients: unreliable statistics, and statelessness. This approach underpins the
FedOpt family of algorithms [58] (see Algorithm 5). Table 2.1 summarizes the FedOpt
family.
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3. Federated Dynamic Averaging

3.1 Motivation

Our work in this chapter addresses critical efficiency challenges in DDL, particularly
in communication-constrained environments, such as the ones encountered in Federated
Learning (FL) applications [31]. We introduce Federated Dynamic Averaging (FDA), a
novel, adaptive distributed deep learning strategy that massively improves communication
efficiency over previous work.

FDA utilizes a novel 2-action, conditional synchronization protocol, designed to avoid
the need to decide or guess the proper values of local update steps, or to synchronize
after each training step, but rather only performs the costly synchronization process when
needed. Our FDA algorithm dynamically triggers synchronization based on the value of
model variance across worker-nodes. In a nutshell, the costly synchronization step is only
triggered if the local models have diverged significantly, which implies that the global
model may no longer be accurate.

As Figure 3.1 demonstrates, at the start, workers enter the local training step with the
same global model (Figure 3.1.A). Then, local training commences and each distributed
worker-node computes its local state, which encapsulates helpful information for estimat-
ing the model variance (Figure 3.1.B). This is followed by the transmission (Figure 3.1.C)
of these small-size local states, an operation that is bandwidth- and time-efficient because
of their small size. During transmission, the local states are aggregated and their average
is made available to all workers—an operation known as AllReduce. This operation
does not require (or prohibit) the use of a central node. Based on the aggregated state,
the workers can estimate (Figure 3.1.D) whether the variance of the local models may
have exceeded a threshold. If this is not the case, the costly synchronization step (Fig-
ure 3.1.E) is avoided and local training continues. What is important is how to properly
pick these local states computed at, and then transmitted by, the local workers. To ad-
dress this problem, we propose two variants of our FDA algorithm. Our contributions
can be summarized as follows:

• We propose FDA, an algorithm that dynamically decides to synchronize local work-
ers when model variance across workers exceeds a threshold. This strategy drasti-
cally reduces communication, while preserving cohesive progress towards the shared
training objective.

• We propose two variants of FDA, which differ in the amount of information pre-
served in the local states that are transmitted by each worker and aggregated for
subsequent estimation of model variance. These two variants, termed SketchFDA
and LinearFDA, offer a different balance between communication efficiency and
approximation accuracy.

• We evaluate and compare FDA with other DDL algorithms through a comprehensive
suite of experiments with diverse datasets, models, and tasks. Our experiments
demonstrate that FDA outperforms traditional and contemporary FL algorithms
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by 1-2 orders of magnitude in communication savings, while maintaining equivalent
model performance. Furthermore, it effectively balances the competing demands of
communication and computation, providing greatly improved trade-offs.

• We demonstrate FDA’s robustness in various challenging Non-IID settings, com-
mon in real-world Federated Learning applications. While state-of-the-art methods
typically require substantially more resources to converge under Non-IID conditions,
FDA maintains consistent and comparable performance across both IID and Non-
IID settings.

Outline. The remainder of this chapter is organized as follows: Section 3.2 reviews
related work. Section 3.3 introduces our DDL technique, Federated Dynamic Averaging
(FDA), and its two variants. Section 3.4 details the experimental setup, and discusses
the insights and conclusions drawn from our empirical investigation. Lastly, Section 3.5
contains concluding remarks.

Nodes start
training step

Local training step /
compute local state

Estimate if synchronization is
needed. If not go to Step (B)

Aggregate
local state

using
AllReduce

Synchronize
models using
AllReduce.

Go to Step (A)

(A) (B) (C) (D) (E)

Figure 3.1: FDA. The local training step is followed by the computation of a local state
by all worker-nodes. Then, the (small in size) local states are aggregated. Based on the
aggregated result, all workers estimate if synchronization is required. In most cases, the
expensive synchronization step of the models is avoided and local training continues

3.2 Related Work

Problem formulation. Consider distributed training of deep neural networks over mul-
tiple workers [14, 42]. In this setting, each worker represents a data owner (equivalently, a
local model owner) and has access to its own set of training data Dk. Workers can utilize
any available hardware they possess (e.g., GPUs, CPUs) to perform learning steps. The
collective goal is to find a common model w ∈ Rd by minimizing the overall training loss.
This scenario can be effectively modeled as a distributed optimization problem, formulated
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as follows:

minimize
w∈Rd

F (w) ≜
1

K

K∑
k=1

Fk(w) (3.1)

where K is the number of workers and Fk(w) ≜ Eζk∼Dk
[ℓ(w; ζk)] is the local objective

function for worker k. Function ℓ(w; ζk) represents the loss for data sample ζk given model
w.

Solution direction. As noted in the seminal work [31], research in FL should focus
primarily on synchronous solutions. This allows different lines of research (e.g., compres-
sion, privacy, etc.) to be developed independently and then combined seamlessly. Our
work, along with most communication-efficient FL strategies, adheres to this synchronous
paradigm. However, such approaches may be less effective in environments where each
communication operation incurs significant overhead regardless of the size of the data
being transmitted (e.g., high-latency). In these scenarios, asynchronous mechanisms be-
come necessary, though they typically fall outside the primary focus of contemporary
FL research. That said, FDA can be modified to work asynchronously (as explained in
Section 3.3.3).

Communication efficient Local-SGD. The work in [42] decomposes each round into
two phases. In the first phase, each worker runs Local-SGD with τ = I1, while the second
phase runs I2 steps with τ = 1; [42] proposes to exponentially decay I1 every M rounds.
In the heterogeneous setting, the work in [55], by analysing the convergence rate, proposes
an increasing sequence of local update steps for strongly-convex local objectives and fixed
local update steps for other types of local objectives. The study in [92] dynamically
increases batch sizes to reduce communication rounds, maintaining the same convergence
rate as SSP-SGD. However, the large-batch approach leads to poor generalization [27],
a challenge addressed by the post-local SGD method [45], which divides training into
two phases: BSP-SGD followed by Local-SGD with a fixed number of steps. In the
Lazily Aggregated Algorithm (LAG) [9], a different approach was taken, using only new
gradients from some selected workers and reusing the outdated gradients from the rest,
which essentially skips communication rounds.

Federated Averaging (FedAvg) [51] is another representative of communication efficient
Local-SGD algorithms, which is a pivotal method in Federated Learning (FL) [31]. In the
FL setting with edge computing systems, the work in [82] tries to find the optimal synchro-
nization period τ subject to local computation and aggregation constraints. Recently [52],
in the FL setting with the assumption of strongly-convex objectives, by analysing the bal-
ance between fast convergence and higher-round completion rate, a decaying local update
step scheme emerged.

Unlike previous approaches that rely on predetermined synchronization schedules (fixed,
decaying, or otherwise), our work introduces a dynamic synchronization strategy. FDA
adapts continuously during the training process, basing synchronization decisions on a
real-time metric: the model variance across workers.

Accelerating convergence. An indirect, yet highly effective way to mitigate the com-
munication burden in DDL, is to speed up convergence. Consequently, recent works have
built upon communication efficient Local-SGD methods by deploying accelerated versions
of SGD to the distributed setting. Specifically, FedAdam [57] extends Adam [34] and
FedAvgM [28] extends SGD with momentum (SGD-M) [69]. Recently, Mime [32] provides
a framework to adapt arbitrary centralized optimization algorithms to the FL setting.
However, these methods still suffer from the model divergence problem, particularly in
heterogeneous settings. When solving equation (3.1), the disparity between each worker’s
optimal solution w∗

k for their objective Fk, and the global optimum w∗ for F , can poten-

17



Federated Dynamic Averaging

tially cause worker models to diverge (drift) towards their disparate minima [33, 57, 86].
The result is slow and unstable convergence with significant communication overhead. To
address this problem, the SCAFFOLD algorithm [33] used control-variates (in the same
spirit to SVRG), with significant speed-up. FedProx [41] re-parameterized FedAvg [51] by
adding L2 regularization in the workers’ objectives to be near the global model. Lastly,
FedDyn [2] improved upon these ideas with a dynamic regularizer making sure that if local
models converge to a consensus, this consensus point aligns with the stationary point of
the global objective function.

While these approaches primarily focus on enhancing the optimization process and typ-
ically employ fixed synchronization intervals (e.g., every local epoch), our work addresses
a complementary aspect: determining the optimal timing for synchronization. FDA’s
dynamic synchronization strategy is orthogonal to these optimization techniques and can
be integrated with them by simply adjusting the synchronization decision.

Compression. To reduce communication overhead in DDL, significant efforts have been
directed towards minimizing message sizes. Key strategies include sparsification, where
only crucial components of information are transmitted, as explored in [3], and quantiza-
tion techniques, which involve transmitting only quantized gradients, as detailed in [62].
These techniques can be combined with Local-SGD methods to enhance communication-
efficiency further. An example is Qsparse-local-SGD [6], which integrates aggressive spar-
sification and quantization with Local-SGD, achieving substantial communication savings.
Crucially, FDA is fully compatible with any technique that reduces the cost of synchro-
nization (e.g. model compression). Our approach simply adjusts the timing of the syn-
chronization decision without altering the data being synchronized. This ensures that any
compression technique effective in traditional methods (BSP, Local-SGD, etc.) will be
equally effective when deployed with FDA. Therefore, the communication savings demon-
strated in the relevant literature [84] can be safely expected to carry over to our approach
as well.

Additionally, sketching emerges as another fundamental tool in large-scale machine
learning. It effectively compresses high-dimensional problems into lower dimensions to
save runtime and memory, typically utilizing hash-based probabilistic data structures.
For instance, [65] use Count Sketches to compress auxiliary variables in optimization
algorithms, significantly freeing up memory. Similarly, FetchSGD [59] employs Count
Sketches to compress model updates and leverages their linearity for efficient merging. In
contrast to these applications, our approach utilizes sketches not for compression but to
estimate local state information, and based on this to decide whether a synchronization is
required—an orthogonal application to traditional use cases. A comprehensive survey of
compression techniques in DDL can be found in [84].

3.3 FDA: Federated Dynamic Averaging

We now present our algorithms, based on our notion of Federated Dynamic Averaging
(FDA). Our algorithms deviate from prior work in these two key ways:

1. The decision on when to synchronize.

2. The actual synchronization process.

To the best of our knowledge, this is the first Distributed Deep Learning algorithm that
dynamically decides when to synchronize based on the current collective state of the
training progress—whether it is advancing well or poorly.

Notation. At each time step t, each worker k independently maintains its own vector of
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model parameters1, denoted as w
(k)
t ∈ Rd. Let wt represent the K × d tensor of all local

model vectors, and wt be the average model vector (this notation applies to all vector
quantities):

wt =
[
w

(1)
t , . . . ,w

(K)
t

]
, wt =

1

K

K∑
k=1

w
(k)
t

Furthermore, let Optimize(w, B) be the updated model [22] computed by some optimiza-
tion algorithm (e.g., SGD, Adam) using the model w, and the batch B of training data.
It incorporates the learning rate, loss function and relevant gradients. During step t, each
worker k first applies the update:

w
(k)
t = Optimize(w

(k)
t−1 , B

(k)
t )

Moreover, operation AllReduce(w
(k)
t ) computes and returns the average model vector

[40]:

wt = AllReduce(w
(k)
t )

Workers synchronize by executing AllReduce(w
(k)
t ), thereby setting w

(k)
t := wt. If

synchronization is not performed at step t, each worker continues training with its locally
updated model. A comprehensive list of the notation used throughout this section is
provided in Table 3.1.

Model Variance and FDA. The model variance quantifies the dispersion or spread of
worker models around the average model:

Var (wt) =
1

K

K∑
k=1

∥∥∥w(k)
t −wt

∥∥∥2
2

(3.2)

This measure provides insight into how closely aligned the workers’ models are at any given
time. High variance indicates that the models are widely spread out, essentially drifting
apart, leading to a lack of cohesion in the aggregated model. Conversely, a moderate or
low variance suggests that the workers’ models are closely aligned, working collectively
towards the shared objective.

The FDA algorithm (Algorithm 6) is based on the premise that, as long as the variance
is below a threshold Θ, synchronization is not needed. Thus, we introduce the Round
Invariant (RI):

Var (wt) ≤ Θ (3.3)

To preserve the RI, our FDA algorithm maintains (Lines 4-6 of Algorithm 6) at each

worker k a local (low-dimensional) state-vector A
(k)
t , which is computed based on w

(k)
t .

These state vectors are vital for the subsequent estimation of the model variance, and
underpin the two variants of the FDA algorithm (provided in Sections 3.3.1 and 3.3.2,
respectively). Our estimation techniques begin by performing AllReduce on the states

A
(k)
t , consolidating them into the average state At (Line 7). Importantly, this communi-

cation step requires significantly less bandwidth and resources than transmitting the full

models w
(k)
t .

For each FDA variant, we also define a (different) function H(At) that overestimates
the variance, i.e., it ensures that as long as H(At) ≤ Θ then the variance is bounded by
Θ. This guarantee is probabilistic for the Sketch-based variant of FDA, and deterministic

1The terms “model” and ”model parameters” are used interchangeably, as is common in the literature.
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Table 3.1: Notation

Symbol Meaning

⟨· , ·⟩ Dot product
t Time step index
K Number of workers
d Model dimension
Dk Training data of worker k

B
(k)
t A batch sampled from Dk

w
(k)
t ∈ Rd Model of worker k

wt = [w
(1)
t , . . . ,w

(K)
t ] Tensor of local models

wt =
1
K

∑K
k=1 w

(k)
t Average model (global model)

wt0 Model after most recent sync.
wt−1

Model after 2nd most recent sync.

∆
(k)
t = w

(k)
t −wt0 Local model drift

∆t =
1
K

∑K
k=1 ∆

(k)
t Average model drift (global drift)

Var (wt) Model variance
Θ Model variance threshold

A
(k)
t State of worker k

At =
1
K

∑K
k=1 A

(k)
t Average state

H(·) Function for variance estimation
sk(·) : Rd → Rl×m AMS sketch operator (§3.3.1)
M2(·) : Rl×m → R L2 norm squared estimate (§3.3.1)
ϵ Error of sketch estimate (§3.3.1)
(1− δ) Confidence of approximation (§3.3.1)
l = O(log 1/δ) #Rows of sketch matrix (§3.3.1)
m = O(1/ϵ2) #Columns of sketch matrix (§3.3.1)
ξ =

wt0
−wt−1

∥wt0
−wt−1∥2

Heuristic vec. for LinearFDA (§3.3.2)
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for its Linear counterpart. Consequently, if H(At) > Θ then synchronization is performed
(Lines 8-9) — the RI invariant cannot be guaranteed. After synchronization, the model
variance is zero.

Efficiently Monitoring the RI. Estimating model variance efficiently is at the heart of

FDA. To this end, we first introduce the local model drift, ∆
(k)
t , and average drift, ∆t,

defined as follows:

∆
(k)
t = w

(k)
t −wt0 , ∆t =

1

K

K∑
k=1

∆
(k)
t

Here, wt0 denotes the model vector after the most recent synchronization. Subsequently,
the model variance can be written as:

Var (wt) =

(
1

K

K∑
k=1

∥∥∥u(k)
t

∥∥∥2
2

)
−
∥∥∆t

∥∥2
2

(3.4)

Proof. Adding an offset (−wt0) to each w
(k)
t does not alter the variance, therefore:

Var (wt) = Var (wt −wt0) = Var (∆t) =
1

K

K∑
k=1

∥∥∥∆(k)
t −∆t

∥∥∥2
2

=
1

K

K∑
k=1

(∥∥∥∆(k)
t

∥∥∥2
2
− 2

〈
∆

(k)
t , ∆t

〉
+
∥∥∆t

∥∥2
2

)

=

(
1

K

K∑
k=1

∥∥∥u(k)
t

∥∥∥2
2

)
− 2

(
1

K

K∑
k=1

〈
∆

(k)
t , ∆t

〉)
+

(
1

K

K∑
k=1

∥∥∆t

∥∥2
2

)

=

(
1

K

K∑
k=1

∥∥∥u(k)
t

∥∥∥2
2

)
− 2

〈(
1

K

K∑
k=1

∆
(k)
t

)
, ∆t

〉
+
∥∥∆t

∥∥2
2

=

(
1

K

K∑
k=1

∥∥∥u(k)
t

∥∥∥2
2

)
− 2

〈
∆t , ∆t

〉
+
∥∥∆t

∥∥2
2

=

(
1

K

K∑
k=1

∥∥∥u(k)
t

∥∥∥2
2

)
− 2

∥∥∆t

∥∥2
2

+
∥∥∆t

∥∥2
2

=

(
1

K

K∑
k=1

∥∥∥u(k)
t

∥∥∥2
2

)
−
∥∥∆t

∥∥2
2

Conceptually, following Eq equation (3.4), to precisely monitor the variance, we need

to calculate two quantities: (1) 1
K

∑K
k=1 ∥u

(k)
t ∥22, and (2) ∥∆t∥22. The first quantity re-

quires an AllReduce operation on the squared norm of the worker drifts, which involves
minimal overhead since these values are scalar. In contrast, the second quantity neces-
sitates an AllReduce operation on the worker drifts themselves, which are of model
dimension, thus incurring a high communication cost. In fact, this operation is equivalent
to synchronization, which is exactly what we aim to avoid in the first place. Thus, it
becomes evident that communication-efficient model variance estimation hinges on esti-
mating ∥∆t∥22 efficiently.

Upcoming sections will detail two techniques for communication efficient variance esti-
mation (which primarily involves estimating ∥∆t∥22): SketchFDA and LinearFDA. To
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Algorithm 6 Federated Dynamic Averaging - FDA

Require: K: The number of workers indexed by k
Require: Θ: The model variance threshold
Require: b: The local mini-batch size

1: Initialize w
(k)
0 = w0 ∈ Rd

2: for each step t = 1, 2, . . . do
3: for each worker k = 1, . . . ,K in parallel do

4: B
(k)
t ← (sample a batch of size b from Dk)

5: w
(k)
t ← Optimize(w

(k)
t−1 , B

(k)
t )

6: Update A
(k)
t

7: At ← AllReduce(A
(k)
t )

8: if H(At) > Θ then

9: w
(k)
t ← AllReduce(w

(k)
t ) ▷ In-place

present them uniformly, we introduce the local state A
(k)
t , a tensor which contains: (1) the

scalar value ∥u(k)
t ∥22 for precisely calculating the first quantity, and (2) a low-dimensional

summary of ∆
(k)
t , different for each technique, for estimating the second quantity. For

each technique we define an estimation function H(·) that calculates the current variance

estimate from average state At = 1
K

∑K
k=1A

(k)
t (obtained via AllReduce).

3.3.1 SketchFDA: Sketch-based Estimation

An optimal estimator for
∥∥∆t

∥∥2
2

can be obtained through the utilization and properties

of AMS sketches, as detailed in [12]. An AMS sketch of a vector v ∈ Rd is an l ×m real
matrix:

sk (v) =
[
ψ1 ψ2 . . . ψl

]⊤ ∈ Rl×m , l ·m≪ d

An estimate for squared-norm ∥v∥22 is provided by the formula

M2 (sk(v)) = median
{
∥ψi∥22 , i = 1, . . . , l

}
The quality of estimation depends on the size of the sketch. For chosen ϵ, δ > 0, where
sketch dimensions are given by l = O (log 1/δ) and m = O

(
1/ϵ2

)
, we have the following

probabilistic guarantee: with confidence at least 1− δ,

M2(sk(v)) ∈ (1± ϵ) ∥v∥22

Notably, observe that the accuracy (ϵ) and confidence (1 − δ) only depend on the size of
the sketch and not on the dimensionality of vector v.

Two crucial properties of the AMS sketch are that (a) it is a linear transformation,
i.e., for α1, α2 ∈ R and v1,v2 ∈ Rd,

sk(α1v1 + α2v2) = α1 sk(v1) + α2 sk(v2)

and (b) can be computed efficiently in time O(l · d).

In the SketchFDA approach, the salient idea is to employ AMS sketches sk(∆
(k)
t ) ∈

Rl×m as a low-dimensional representation of the local drifts ∆
(k)
t .

Theorem 1. Let l = O(log 1
δ ) and m = O( 1

ϵ2
). Define the local state as

A
(k)
t =

(∥∥∥∆(k)
t

∥∥∥2
2
, sk

(
∆

(k)
t

))
∈ R× Rl×m
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and the approximation function as

H
(
At

)
=

1

K

∑
k

∥∥∥∆(k)
t

∥∥∥2
2
− 1

1 + ϵ
M2

(
1

K

K∑
k=1

sk
(
∆

(k)
t

))
.

Then, the condition H
(
At

)
≤ Θ implies Var (wt) ≤ Θ with probability at least (1− δ).

Proof.

H
(
At

)
=

1

K

K∑
k=1

∥∥∥∆(k)
t

∥∥∥2
2
− 1

1 + ϵ
M2

(
1

K

K∑
i=1

sk
(
∆

(k)
t

))
(lin.)
=

1

K

K∑
k=1
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= Var (wt)

We proved that H(At) ≥ Var (wt) with probability at least (1 − δ), i.e., we overestimate
the model variance with probability at least (1− δ), completing the proof.

In Section 3.3.3, we discuss the empirical basis for choosing the values of l and m, and
how they practically impact the quality of the sketch approximation.

3.3.2 LinearFDA: Linear Approximation

Although AMS sketches provide good estimates for variance, their dimension is in the
several hundreds, and the communication cost of AllReduce on sketches, performed
at each step, may be non-negligible. Therefore, we also introduce a low-cost, ad-hoc
estimation variant.

In this approach, instead of an AMS sketch, each local state contains the scalar value

⟨ξ , ∆(k)
t ⟩ ∈ R, where ξ ∈ Rd is a unit vector, known to all workers.

Theorem 2. Define the local state as

A
(k)
t =
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and the approximation function as
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Then, the condition H
(
At

)
≤ Θ implies Var (wt) ≤ Θ.
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We proved that H(At) ≥ Var (wt), i.e., we always overestimate the model variance, com-
pleting the proof.

An arbitrary choice of ξ (e.g., a random vector) is likely to estimate
∥∥∆t

∥∥2
2

poorly; if ξ

is uncorrelated to ∆t, then
∣∣〈ξ , ∆t

〉∣∣2 will likely be close to zero. A heuristic choice that
might be correlated to ∆t is the (normalized) value of ∆t0 , the global drift vector right at
the time of last synchronization. All nodes can compute it independently without extra
communication, if they take the difference of the models of the last two synchronizations:

ξ =
∆t0∥∥∆t0

∥∥
2

=
wt0 −wt−1∥∥wt0 −wt−1

∥∥
2

3.3.3 Discussion

FDA: Intuition. The main intuition for FDA is summarized in making the decision to
synchronize dynamic, based on model variance during training. This metric is designed to
capture the collective state of the training process. In what follows, we provide intuition
on why this is the case. It is important to remember that the global model wt and, by
extension, the global drift ∆t, are ultimately what we care about and evaluate.

Model variance, as defined in Equation equation (3.4), is the difference between the

average of the squared local drifts 1
K

∑
∥∆(k)

t ∥22 and the squared global drift
∥∥∆t

∥∥2
2
. The

first term reflects how far the individual worker models have moved–essentially, how much
each worker has learned. The second term indicates how much of this learning is retained
in the global model after aggregation.

The interplay between these two quantities is crucial. For example, when the local
drifts are high but the global drift is low, the variance increases, signaling the need for
synchronization. This scenario suggests that while individual workers have made signif-
icant progress (as indicated by high local drifts), this progress is not being effectively
captured in the global model (indicated by the low global drift). In other words, the
worker models have moved significantly, but the global model has remained relatively sta-
tionary in this high-dimensional space. This misalignment indicates that training is no
longer progressing optimally, as the workers are moving towards disparate and conflicting
local minima, making it crucial to synchronize and realign them. Conversely, when both
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Figure 3.2: SketchFDA & LinearFDA: Local State structure.

the local and global drifts are either low or high, synchronization is not necessary, and the
variance naturally remains low.

Neither the average of the local drifts nor the global drift alone provides a complete
picture of the collective training progress. Relying solely on one or the other would lead to
suboptimal synchronization decisions and likely prove ineffective. In FDA, it is the rela-
tionship between these quantities, as captured by the model variance, that offers valuable
insights and guides the crucial decision of when to synchronize.

SketchFDA vs. LinearFDA: Both methods send the squared norm of the drift ∥∆(k)
t ∥22,

but differ in the additional accompanying lower-dimensional representation they transmit
(Figure 3.2):

1. SketchFDA: An AMS sketch of the local drift.

2. LinearFDA: The dot product of a vector and the local drift.

The key difference between these two variants lies in the fidelity of approximation of the
model variance. While both methods conservatively overestimate the variance, SketchFDA
provides a provably accurate estimation, which is expected to lead to fewer synchroniza-
tions. LinearFDA requires less computational effort and bandwidth to create and com-
municate the local states, but may overestimate variance by too much, causing unnecessary
synchronizations.

SketchFDA: Choice of l and m. We empirically measured the approximation achieved
with sketch dimensions of l = 5 rows and m = 250 columns (as defined in Section 3.3.1):
these settings yield an error bound of ϵ ≈ 6% and a probabilistic confidence of (1 − δ) ≈
95%. Based on our experiments, we have adopted these values in our experiments and
recommend them. Using these values, the byte-size of a sketch is l ·m · 4 bytes = 5 kB,
significantly smaller than the size of all our models. Sketches of smaller size could be used,
albeit weakening the approximation of the variance. However, given that LinearFDA
similarly weakens approximation and avoids using AMS sketches, in the interest of space
we do not explore varying AMS sketch sizes in this work.

FDA: Asynchronous Operation. As mentioned in Section 3.2, FDA can be readily
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Table 3.2: Summary of Experiments

Hyper-Parameters Training

NN d Dataset Θ b K Optimizer Algorithms

LeNet-5 62K MNIST {0.5, 1, 1.5, 2, 3, 5, 7} 32 { 5, 10, . . . , 60 } Adam FDA, Synchronous, FedAdam
VGG16* 2.6M MNIST {20, 25, 30, 50, 75, 90, 100} 32 { 5, 10, . . . , 60 } Adam FDA, Synchronous, FedAdam

DenseNet121 6.9M CIFAR-10 {200, 250, 275, 300, 325, 350, 400} 32 { 5, 10, . . . , 30 } SGD-NM FDA, Synchronous, FedAvgM
DenseNet201 18M CIFAR-10 {350, 500, 600, 700, 800, 850, 900} 32 { 5, 10, . . . , 30 } SGD-NM FDA, Synchronous, FedAvgM

(fine-tuning)

ConvNeXtLarge
198M CIFAR-100 {25, 50, 100, 150} 32 { 3, 5 } AdamW FDA, Synchronous

modified to operate asynchronously. In this setup, one worker-node acts as a coordinator,
aggregating local states and determining whether synchronization is needed each time a
local state is received. This decision is based on the most recent local states from all
workers. It is important to note that, since local states are small in size, asynchronous
operation is unlikely to alleviate bandwidth issues. The primary advantage is that it allows
training to continue even in the presence of stragglers. Asynchronous operation might also
be beneficial in rare cases where the overhead of initializing communication dominates the
actual transmission time.

3.4 Experiments

3.4.1 Setup

Table 3.2 provides a comprehensive overview of our experiments. For each experiment, we
detail the Neural Network (NN) architecture, its parameter count (d), and the dataset used
for training. The table also specifies key hyper-parameters: the batch size (b), the number
of workers (K), and the FDA-specific variance threshold (Θ). Additionally, we indicate
the chosen optimizer (as detailed in Section 3.3) and the training algorithms employed for
each configuration.

Platform. We employ TensorFlow [1], integrated with Keras [11], as the platform for
conducting our experiments. We used TensorFlow to implement our FDA variants and
all competitive algorithms. All relevant code, figures, and data of this study are available
in https://github.com/miketheologitis/FedL-Sync-FDA.

Hardware & Infrastructure. We conducted our experiments on the ARIS High perfor-
mance computing (HPC) environment2, utilizing a cluster of 44 GPU-accelerated worker-
nodes. Each worker is equipped with two NVIDIA Tesla K40m GPUs and interconnected
via an InfiniBand FDR14 network, providing up to 56 GB/s of bandwidth. Crucially, our
evaluation remains agnostic to the underlying infrastructure of the specific workers.

Datasets & Models. The core experiments involve training Convolutional Neural Net-
works (CNNs) of varying sizes and complexities on two datasets: MNIST [15] and CIFAR-
10 [35]. For the MNIST dataset, we employ LeNet-5 [37], composed of approximately 62
thousand parameters, and a modified version of VGG16 [63], denoted as VGG16*, consist-
ing of 2.6 million parameters. VGG16* was specifically adapted for the MNIST dataset,
a less demanding learning problem compared to ImageNet [60], for which VGG16 was de-
signed. In VGG16*, we omitted the 512-channel convolutional blocks and downscaled the
final two fully connected (FC) layers from 4096 to 512 units each. Both models use Glorot
uniform initialization [20]. For CIFAR-10, we utilize DenseNet121 and DenseNet201 [30],
as implemented in Keras [11], with the addition of dropout regularization layers at rate
0.2 and weight decay of 10−4, as prescribed in [30]. The DenseNet121 and DenseNet201
models have 6.9 million and 18 million parameters, respectively, and are both initialized

2https://www.hpc.grnet.gr/en/hardware-2/
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with He normal [25].
Lastly, we explore a transfer learning scenario on the dataset CIFAR-100 [35], a choice

reflecting the DL community’s growing preference of using pre-trained models in such
downstream tasks [24]. For example, a pre-trained visual transformer (ViT) on ImageNet,
transferred to classify CIFAR-100, is currently on par with the state-of-the-art results
for this task [17]. We adopt this exact transfer learning scenario, leveraging the more
powerful ConvNeXtLarge model, pre-trained on ImageNet, with 198 million parameters.
Following the feature extraction step [22], the testing accuracy on CIFAR-100 stands at
60%. Subsequently, we employ and evaluate our FDA algorithms in the arduous fine-
tuning stage, where the entirety of the model is trained [53].

Algorithms. We consider five distributed deep learning algorithms: LinearFDA, SketchFDA,
Synchronous 3, FedAdam [57], and FedAvgM [28]; the first three are standard in all
experiments. Depending on the local optimizer, Adam [34] or SGD with Nesterov momen-
tum (SGD-NM) [70], we also include their communication-efficient federated counterparts
FedAdam or FedAvgM, respectively.

Evaluation Methodology. Comparing DDL algorithms is not straightforward. For
example, comparing DDL algorithms based on the average cost of a training epoch can be
misleading, as it does not consider the effects on the trained model’s quality. To achieve
a comprehensive performance assessment of FDA, we define a training run as the process
of executing the DDL algorithm under evaluation, on (a) a specific DL model and training
dataset, and (b) until a final epoch in which the trained model achieves a specific testing
accuracy (termed as Accuracy Target in figures). Based on this definition, we focus on
two performance metrics:

1. Communication cost, which is the total data (in bytes) transmitted by all workers.
Notably, communication cost is unaffected by the training data volume since only
model updates (when synchronizing) and local states (at each step), but not training
data, are transmitted. Thus, the communication cost mainly depends on the complex-
ity (number of parameters) of the used model. Translating the communication cost to
wall-clock time (i.e., the total time required for the computation and communication
of the DDL) depends on the network infrastructure connecting the workers and on
the overhead of establishing and initializing communication. Its impact is larger in
FL scenarios, where workers often use slower Wi-Fi connections.

2. Computation cost, which is the number of mini-batch steps (termed as In-Parallel
Learning Steps in figures) performed by each worker. Translating this cost to wall-
clock time is determined by the mini-batch size and the computational resources of
the worker-nodes. Its impact is larger for workers with lower computational resources.

Hyper-Parameters & Optimizers. Hyper-parameters unique to each training dataset
and model are detailed in Table 3.2; Θ is pertinent to FDA algorithms and not applicable
to others. Notably, a guideline for setting the parameter Θ is provided in Section 3.4.3.
For experiments involving FedAvgM and FedAdam, we use E = 1 local epochs, fol-
lowing [57]. For experiments with LeNet-5 and VGG16*, local optimization employs
Adam, using the default settings as per [34]. In these cases, FedAdam also adheres to
the default settings for both local and server optimization [57, 11]. For DenseNet121
and DenseNet201, local optimization is performed using SGD with Nesterov momentum
(SGD-NM), setting the momentum parameter at 0.9 and learning rate at 0.1 [30]. For
FedAvgM, local optimization is conducted with default settings [28, 11], while server
optimization employs SGD with momentum, setting the momentum parameter and learn-

3The name was derived from the Bulk Synchronous Parallel approach; can be understood as a special
case of the FDA Algorithm 6 where Θ is set to zero.
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Figure 3.3: LeNet-5 on MNIST. At Non-IID: Label ”0”, the samples of Label ”0” are
assigned to few workers. At Non-IID: 60%, 60% of the dataset is sorted and allocated to
workers, causing some workers to receive many samples from the same label

ing rate to 0.9 and 0.316, respectively [57]. Lastly, for the transfer learning experiments,
local optimization leverages AdamW [49], with the hyper-parameters used for fine-tuning
ConvNeXtLarge in the original study [47].

Data Distribution. In all experiments, the training dataset is divided into approximately
equal parts among the workers. To assess the impact of data heterogeneity, we explore
three scenarios:

1. IID — Independent and identically distributed.

2. Non-IID: X% — A portion X% of the dataset is sorted by label and sequentially
allocated to workers, with the remainder distributed in an IID fashion.

3. Non-IID: Label Y — All samples from label Y are assigned to a few workers, while
the rest are distributed in an IID manner.

3.4.2 Main Findings

The main findings of our experimental analyses are:

1. LinearFDA and SketchFDA outperform the Synchronous, FedAdam and Fe-
dAvgM techniques (their use depends on the local optimizer choice) by 1-2 orders of
magnitude in communication, while maintaining equivalent model performance.

2. LinearFDA and SketchFDA also significantly outperform the FedAdam and Fe-
dAvgM techniques in terms of computation.

3. The performance of LinearFDA and SketchFDA is comparable in most experi-
ments. SketchFDA provides a more accurate estimator of the variance and leads to
fewer synchronizations than LinearFDA, but has a larger communication overhead
for its local state (a sketch, compared to two numbers). SketchFDA significantly
outperforms LinearFDA at the transfer learning scenario.

4. The FDA variants remain robust at various data heterogeneity settings, maintaining
comparable performance to the IID case.
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Figure 3.4: VGG16* on MNIST

3.4.3 Results

Due to the extensive set of unique experiments (over 1000), as detailed in Table 3.2, we
leverage Kernel Density Estimation (KDE) plots [85] to visualize the bivariate distribu-
tion of computation and communication costs incurred by each strategy for attaining the
Accuracy Target. These KDE plots provide a high-level overview of the cost trade-off for
training accurate models. The varying levels of opacity in the filled areas of the KDE plots
represent the density of the underlying data points: higher opacity indicates areas with a
greater concentration of data, whereas lower opacity signifies less dense areas.

As an illustrative example, Figure 3.3 depicts the strategies’ bivariate distribution
for the LeNet-5 model trained on MNIST with different data heterogeneity setups. In
these plots, the SketchFDA distribution is generated from experiments across all hyper-
parameter combinations (Θ and K in Table 3.2) that attained the Accuracy Target of
0.985. The observed high variance in the method’s distribution stems from the varying
K and Θ values. In subsequent subsections, we elucidate how these hyper-parameters
influence the communication and computation costs.

FDA balances Communication vs. Computation. DDL algorithms face a funda-
mental challenge: balancing the competing demands of computation and communication.
Frequent communication accelerates convergence and potentially improves model perfor-
mance, but incurs higher network overhead, an overhead that may be prohibitive when
workers communicate through lower speed connections. Conversely, reducing communi-
cation saves bandwidth but risks hindering, or even stalling, convergence. Traditional
DDL approaches, like Synchronous, require synchronizing model parameters after ev-
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Figure 3.5: DenseNet121 on CIFAR-10
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Figure 3.6: DenseNet201 on CIFAR-10

ery learning step, leading to significant communication overhead but facilitating faster
convergence (lower computation cost). This is evident in Figures 3.3, 3.4, 3.5, and 3.6
(where Synchronous appears in the bottom right — low computation, very high com-
munication). Conversely, Federated Optimization (FedOpt) methods [57] are designed to
be communication-efficient, reducing communication between devices (workers) at the ex-
pense of increased local computation. Indeed, as shown in Figures 3.3-3.6, FedAvgM and
FedAdam reduce communication by orders of magnitude but at the price of a correspond-
ing increase in computation. Our two proposed FDA strategies achieve the best of both
worlds: the low computation cost of traditional methods and the communication efficiency
of FedOpt approaches, as seen in Figures 3.3, 3.4, 3.5, and 3.6. In fact, they significantly
outperform FedAvgM and FedAdam in their element, that is, communication-efficiency.
Across all experiments, the FDA methods’ distributions lie in the desired bottom left
quadrant — low computation, very low communication.

FDA counters diminishing returns. The phenomenon of diminishing returns states
that as a DL model nears its learning limits for a given dataset and architecture, each
additional increment in accuracy may necessitate a disproportionate increase in training
time, tuning, and resources [22, 74]. We first clearly notice this with VGG16* on MNIST
in Figure 3.4 for all three data heterogeneity settings. For a 0.001 increase in accuracy
(effectively 10 misclassified testing images), FedAdam needs approximately 2-7× more
communication and 3-7× more computation, respectively. This can be seen by compar-
ing the figures at the left column of Figure 3.4 with the corresponding ones in the right
column. Similarly, Synchronous requires comparable increases in computation and ap-
proximately half an order of magnitude more in communication. On the other hand, the
FDA methods suffer a slight (if any) increase in computation and communication for this
accuracy enhancement. For DenseNet121 and DenseNet201 on CIFAR-10 (Figures 3.5,
and 3.6), FedAvgM and Synchronous require half an order of magnitude more com-
putation and communication to achieve the final marginal accuracy gains (0.78 to 0.81
for DenseNet121, and 0.78 to 0.8 for DenseNet201). In contrast, the FDA methods have
almost no increase in communication and comparable increase in computation.
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Figure 3.7: Training accuracy progression with a test accuracy target (horizontal line)
of 0.8 (top), and 0.78 (bottom). Dashed and doted lines indicate when LinearFDA and
SketchFDA attain the target accuracy, respectively. A smaller final gap between training
and target accuracy indicates less overfitting, i.e., better generalization capabilities of the
trained model
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Figure 3.8: LeNet-5 on MNIST: Varying #Workers – Accuracy Target: 0.98

FDA is resilient to data heterogeneity. In DDL, data heterogeneity is a prevalent
challenge, reflecting the complexity of real-world applications where the IID assumption
often does not hold. The ability of DDL algorithms to maintain consistent performance in
the face of non-IID data is a critical metric for their effectiveness and adaptability. Our em-
pirical investigation reveals the FDA methods’ noteworthy resilience in such heterogeneous
environments. For LeNet-5 on MNIST, as illustrated in Figure 3.3, the computation and
communication costs required to attain a test accuracy of 0.985 show negligible differences
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across the IID and the two Non-IID settings (Label ”0”, 60%). Similarly, for VGG16* on
MNIST, Figure 3.4 demonstrates that achieving a test accuracy of 0.995 incurs comparable
computation and communication costs across the IID and the two Non-IID settings (Label
”0”, Label ”8”); while overall costs are aligned, the distributions of the computation costs
exhibit greater variability, yet remain closely consistent with the IID scenario.

FDA has a lower generalization gap. The factors determining how well a DL algo-
rithm performs are its ability to: (1) make the training accuracy high, and (2) make the gap
between training and test accuracy small. These two factors correspond to the two central
challenges in DL: underfitting and overfitting [22]. For DenseNet121 on CIFAR-10, with
a test accuracy target of 0.8, as illustrated in Figure 3.7, Synchronous and FedAvgM
exhibit overfitting, with a noticeable discrepancy between training and test accuracy. In
stark contrast, the FDA methods have an almost zero accuracy gap. Please note that Lin-
earFDA and SketchFDA reach the test accuracy target of 0.8 much earlier (at epochs
86 and 91, respectively). Turning our focus to DenseNet201 on CIFAR-10, with a test
accuracy target of 0.78, Synchronous again tends towards overfitting, while FedAvgM
shows a slight improvement but still does not match the FDA methods, which continue
to exhibit exceptional generalization capabilities, evidenced by a minimal training-test ac-
curacy gap, as shown at Figure 3.7. Notably, given the necessity to fix hyper-parameters
Θ and K for the training accuracy plots, we selected two representative examples. The
patterns of performance we highlighted are consistent across most of the conducted tests
(see Appendix A.1).
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Figure 3.9: VGG16* on MNIST: Varying #Workers – Accuracy Target: 0.994

32



Federated Dynamic Averaging

102

103

104

Co
m

m
un

ica
tio

n 
(G

B) IID, = 200.0

5 10 15 20 25 30
K - Number of Workers

104

In
-P

ar
al

le
l L

ea
rn

in
g 

St
ep

s

LinearFDA
SketchFDA
FedAvgM
Synchronous

102

103

104

Co
m

m
un

ica
tio

n 
(G

B) IID, = 250.0

5 10 15 20 25 30
K - Number of Workers

104

In
-P

ar
al

le
l L

ea
rn

in
g 

St
ep

s

LinearFDA
SketchFDA
FedAvgM
Synchronous

102

103

104

Co
m

m
un

ica
tio

n 
(G

B) IID, = 275.0

5 10 15 20 25 30
K - Number of Workers

104

In
-P

ar
al

le
l L

ea
rn

in
g 

St
ep

s

LinearFDA
SketchFDA
FedAvgM
Synchronous

102

103

104

Co
m

m
un

ica
tio

n 
(G

B) IID, = 300.0

5 10 15 20 25 30
K - Number of Workers

104

In
-P

ar
al

le
l L

ea
rn

in
g 

St
ep

s

LinearFDA
SketchFDA
FedAvgM
Synchronous

102

103

104

Co
m

m
un

ica
tio

n 
(G

B) IID, = 325.0

5 10 15 20 25 30
K - Number of Workers

104

In
-P

ar
al

le
l L

ea
rn

in
g 

St
ep

s

LinearFDA
SketchFDA
FedAvgM
Synchronous

102

103

104

Co
m

m
un

ica
tio

n 
(G

B) IID, = 350.0

5 10 15 20 25 30
K - Number of Workers

104

In
-P

ar
al

le
l L

ea
rn

in
g 

St
ep

s

LinearFDA
SketchFDA
FedAvgM
Synchronous

102

103

104

Co
m

m
un

ica
tio

n 
(G

B) IID, = 400.0

5 10 15 20 25 30
K - Number of Workers

104

In
-P

ar
al

le
l L

ea
rn

in
g 

St
ep

s

LinearFDA
SketchFDA
FedAvgM
Synchronous

Figure 3.10: DenseNet121 on CIFAR-10: Varying #Workers – Accuracy Target: 0.8
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Figure 3.11: DenseNet201 on CIFAR-10: Varying #Workers – Accuracy Target: 0.78

Dependence on K. In distributed computing, scaling up typically results in propor-
tional speed improvements. In DDL, however, scalability is less predictable due to the
nuanced interplay of computation and communication costs with convergence, compli-
cating the expected linear speedup [93]. This unpredictability is starkly illustrated with
LeNet-5 and VGG16* on the MNIST dataset across all data heterogeneity settings and
all strategies. Figures 3.8, and 3.9 demonstrate that increasing the number of workers
does not decrease computation but rather exacerbates communication. These findings are
troubling, as they reveal scaling up only hampers training speed and wastes resources.
However, for more complex learning tasks like training DenseNet-121 and DenseNet-201
on CIFAR-10 (Figures 3.10, and 3.11), the expected behavior starts to emerge. Especially
for DenseNet-121, scaling up (K increase) leads to a decrease in computation cost for
all strategies. Communication cost, however, increases with K for all methods except
Synchronous, which maintains constant communication irrespective of worker count,
but at the expense of orders of magnitude higher communication overhead. Notably,
while our findings might, in some cases, suggest potential speed benefits of not scaling up
(smaller K), DDL is increasingly conducted within federated settings, where there is no
other choice but to utilize the high number of workers. Our FDA variants consistently
outperform FedAdam, FedAvgM, and Synchronous in communication efficiency, as
demonstrated across all experiments in Figures 3.8-3.11. Specifically, they require up to
30 times less communication than FedAdam, 4 times less than FedAvgM, and up to 2.5
orders of magnitude less than Synchronous.

FDA: Dependence on Θ. The variance threshold Θ can be seen as a lever in balancing
communication and computation; essentially, it calibrates the trade-off between these two
costs. A higher Θ allows for greater model divergence before synchronization, reducing
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Figure 3.12: LeNet-5 on MNIST: Varying the threshold Θ — Accuracy Target: 0.98
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Figure 3.13: DenseNet121 on CIFAR-10: Varying Θ – Accuracy Target: 0.8
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Figure 3.14: DenseNet201 on CIFAR-10: Varying Θ – Accuracy Target: 0.78
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Figure 3.15: Empirical Estimation of the Variance Threshold
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Figure 3.16: VGG16* on MNIST: Varying the threshold Θ — Accuracy Target: 0.994
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communication at the cost of potentially increased computation to achieve convergence.
This impact of Θ is consistently observed across both FDA strategies, and all learning
tasks, and data heterogeneity settings (Figures 3.12, 3.13, 3.14, and 3.16). Interestingly,
for more complex models like DenseNet121 and DenseNet201 on CIFAR-10, increasing
the variance threshold (Θ) does not lead to a significant rise in computation cost, as
illustrated in Figures 3.13 and 3.14. It suggests that the FDA methods, by strategically
timing synchronizations (monitoring the variance), substantially reduce the number of
necessary synchronizations without a proportional increase in computation for the same
model performance; this is particularly promising for complex DDL tasks.

FDA: Choice of Θ. The experimental results suggest that selecting any Θ within a spe-
cific order of magnitude (e.g., between 102 and 103 for DenseNet201) ensures convergence,
as demonstrated in Figures 3.12, 3.16, 3.13, and 3.14. Therefore, identifying this range
becomes crucial. To this end, we conducted extensive exploratory testing to estimate
the Θ ranges for each learning task which are predominantly influenced by the number
of parameters d of the DNN. Within this context, Θ values outside the desirable range
exhibit notable effects: below this range, the training process mimics Synchronous or
Local-SGD approaches with small τ , while exceeding it leads to non-convergence. Sub-
sequently, having identified the optimal ranges for Θ, we selected diverse values within
them for our experimental evaluation (Table 3.2), thereby investigating different compu-
tation and communication trade-offs. For instance, in the ARIS-HPC environment with
an InfiniBand connection (up to 56 Gb/s), experiments show that training wall-time (the
total time required for the computation and the communication of the DDL) is predomi-
nantly influenced by the computation cost, rendering communication concerns negligible.
In such contexts, lower Θ values are favored due to their computational efficiency. On the
contrary, in FL settings, where communication typically poses the greater challenge, opt-
ing for higher Θ values proves advantageous; reduction in communication achieved with
higher Θ values will translate in a large reduction in total wall-time.

To assist researchers in selecting the variance threshold, Figure 3.15 presents empirical
estimations for Θ across three distinct learning settings:

1. FL, assuming a common channel of 0.5Gbps, where

ΘFL = 4.91 · 10−5 · d

2. Balanced communication-computation equilibrium, where

ΘB = 3.89 · 10−5 · d

3. Our HPC environment at the ARIS supercomputer, where

ΘHPC = 2.74 · 10−5 · d

FDA: Linear vs. Sketch. In our main body of experiments, across most learning
tasks and data heterogeneity settings, the two proposed FDA methods exhibit comparable
performance, as illustrated in Figures 3.3, 3.4, 3.5, and 3.6. This suggests that the precision
of the variance approximation is not critical. However, in all experiments within the
more intricate transfer learning scenario, LinearFDA requires approximately 1.5 times
more communication than SketchFDA to fine-tune the deep ConvNeXtLarge model to
equivalent performance levels (Figure 3.17). In light of these findings, we conclude the
following: for straightforward and less demanding tasks, LinearFDA is the recommended
option due to its simplicity and lower complexity per local state computation. On the other
hand, for intricate learning tasks and deeper models, SketchFDA becomes the preferred
choice, if communication-efficiency is paramount.
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Figure 3.17: ConvNeXtLarge on CIFAR-100 (transfer learning from ImageNet) — De-
ployment of FDA during the fine-tuning stage with Accuracy Target of 0.76

3.5 Key Takeaways

In this chapter, we introduced Federated Dynamic Averaging (FDA), an innovative, adap-
tive and communication-efficient algorithm for distributed deep learning. Essentially, FDA
makes informed, dynamic decisions on when to synchronize the local models based on
approximations of the model variance. Through extensive experiments across diverse
datasets and learning tasks, we demonstrated that FDA significantly reduces communica-
tion overhead (often by orders of magnitude) without a corresponding increase in computa-
tion or compromise in model performance—contrary to the typical trade-offs encountered
in the literature. Furthermore, we showed that FDA is robust to data heterogeneity and
inherently mitigates over-fitting. Our results push the limits of modern communication-
efficient distributed deep learning, paving the way for more scalable, dynamic, and broadly
applicable strategies.
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4. Generalized Federated Dynamic
Averaging

4.1 Motivation

In this chapter, we propose the FDA-Opt family of algorithms that generalizes both FDA
and FedOpt and addresses their core shortcomings. Most importantly, we demonstrate
that our proposed FDA-Opt algorithms can be directly plugged into modern FL libraries
as drop-in replacements for FedOpt. They require no additional configuration and, in
fact, perform better even when using hyper-parameters originally tuned for FedOpt. Our
contributions are as follows:

• We propose the FDA-Opt family of algorithms, a unified generalization of both FDA
and FedOpt. In doing so, we introduce a dynamic scheme for the variance threshold,
removing the need for any manual configuration, and completely alleviate the original
synchronization bottleneck.

• We show that FDA-Opt outperforms FedOpt in communication-efficiency, achieving
improvements of at least 2× while operating under conditions optimized for FedOpt
(the competitor). Specifically, we manually identify the optimal hyper-parameter
configurations for each FedOpt algorithm, and then apply the same configurations
to our proposed FDA-Opt counterparts. Remarkably, even with these “unfair” and
“rigged” hyper-paremeters, FDA-Opt achieves 2× greater communication-efficiency
for the same model performance. This has the important implication that hyper-
parameters proven effective for FedOpt in the literature can be directly leveraged to
configure our proposed algorithms.

• We show that all FDA-Opt algorithms converge to 5×–10× lower training loss than
their FedOpt counterparts within the same number of rounds.

The remainder of this chapter is organized as follows. Section 4.3 presents our proposed
FDA-Opt algorithm. Section 4.4 outlines the experimental approach. Section 4.5 pro-
vides a detailed analysis of experimental results. Section 4.6 reviews related work. Finally,
Section 4.7 summarizes the main findings of this chapter.

4.2 FDA: Revisited

FDA (see Chapter 3) has a key distinction from FedAvg: instead of fixing the number
of local steps τ per round, FDA dynamically decides when clients should stop training
and return their models. Specifically, it monitors the model variance, and terminates local
training once this variance exceeds a predefined threshold Θ. During each round t, clients
periodically send small pieces of information to the server, which uses it to estimate the
model variance and transmit this estimate back to the clients (see Figure 4.1). Specifically,

after every local step i, each client k ∈ St computes its local model update ∆
(k)
t,i and
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Figure 4.1: Mechanics of local training, in round t, under FDA

encodes it into a compact representation:

A
(k)
t,i =

[
∥∆(k)

t,i ∥
2
2 , sk(∆

(k)
t,i )
]

(4.1)

where sk(·) is the AMS sketch operator [72, 12]. These updates are highly compressed
(e.g., in our experiments, a model might be 1GB, but a sketch is just 10KB). The server
averages these to form the global state At,i, and computes an estimate of the variance νt,i:

νt,i = H(At,i) , At,i =
1

|St|
∑
k∈St

A
(k)
t,i

Here, H is a function that maps the global state to a variance approximation (we refer to
Chapter 3 for the full details). Importantly, if a threshold violation is detected, νt,i > Θ,
training stops, and the server collects models; otherwise, local training proceeds to the
next SGD step, i+ 1, and Steps 2.1–2.4 repeat (Figure 4.1).

In many ways, FDA resembles the original formulation of FedAvg. In the next
section, we will extend its capabilities in a manner analogous to how FedOpt generalized
FedAvg.

4.3 FDA-Opt: Generalized Federated Dynamic Averaging

In this section, we propose FDA-Opt, the unified generalization of both FDA and Fe-
dOpt, with the following advancements:
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1. FL Adaptations: We adapt the algorithm to accommodate FL-specific consider-
ations, including client selection strategies and notation overlooked in the original
design.

2. Generalized Averaging: We enhance server-side aggregation by incorporating adap-
tive and accelerated optimizers, extending beyond the original simple averaging scheme.

3. Dynamic Variance Threshold: We introduce a novel dynamic mechanism that
automatically calibrates the variance threshold during training, eliminating the need
for any manual tuning.

4. Unified Configuration: We ensure that FDA-Opt shares the exact same hyper-
parameters as FedOpt, allowing it to be configured using well-established settings
from prior work.

5. Alleviate Synchronization Bottleneck: We relax the original rigid local-state
synchronization requirement by allowing larger intervals between variance approxi-
mations.

4.3.1 Optimizers

In the original FDA algorithm, the server-side aggregation relied on a simple averaging
scheme. However, extensive empirical evidence highlights the effectiveness of adaptive
optimizers in FL [58]. Naturally, we extend the server-side aggregation step by introducing
the use of arbitrary optimizers in FDA-Opt, denoted as ServerOpt.

Intuitively, the client optimizer, ClientOpt, focuses on minimizing the local objective
for each client based on its private data, while the server optimizer, ServerOpt, operates
from a global perspective. By employing adaptive or accelerated optimizers at the server,
we can now take advantage of meaningful and accurate statistics, which are inherently
unavailable at the client level.

4.3.2 Model Variance

In this subsection, we formalize the notion of model variance, provide intuition for its
components, examine how it evolves during training, and explain how it can be interpreted
and used as a signal of meaningful progress or instability.

Helpful Notation. Consider a training round at time t, involving a sampled subset of
participating clients St = {k1, k2, . . . , kN}, where N = |St|. Moreover, let i be the local
training step index. We can organize the client models into a matrix, Wt,i ∈ Rd×N , defined
as:

Wt,i ≜
[
w

(k1)
t,i ,w

(k2)
t,i , . . . ,w

(kN )
t,i

]
This notation allows us to represent the collective state of the sampled clients in a compact
and intuitive manner.

Additionally, as detailed in Section 2.2.2, each client’s model change, ∆
(k)
t,i , captures the

drift after the i-th local training step. Furthermore, their average, gt,i, can be interpreted
as a “pseudo”-gradient:

gt,i = − 1

|St|
∑
k∈St

∆
(k)
t,i , ∆

(k)
t,i = w

(k)
t,i −w

(k)
t,0

Definition. The model variance quantifies the spread (or dispersion) of the client models
around their average—indicating how compactly they are clustered in parameter space.
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Figure 4.2: Variance progression during the first 100 rounds of training with FedOpt
using RoBERTa on the MRPC dataset

At round t, after i local training steps, it can be written as [72]:

Var(Wt,i) =

1st term︷ ︸︸ ︷
1

|St|
∑
k∈St

∥∆(k)
t,i ∥

2
2− ∥gt,i∥

2
2︸ ︷︷ ︸

2nd term

(4.2)

Intuition. During a training round t, each client k updates its model, resulting in a

local change ∆
(k)
t,i . The squared norm of this change, ||∆(k)

t,i ||22, quantifies how far the
client’s model has moved from the start of the round (i.e., from the original global model).
Essentially, this reflects the amount of information the client has learned locally. The
first term in Equation (4.2), the average of these quantities across all participating clients,
represents the collective amount of information learned.

However, a large first term does not necessarily mean that training is progressing
well, as clients may be moving in conflicting directions, canceling out their updates by
averaging. What ultimately matters is the global change gt,i obtained after averaging—it
foreshadows the information that will be retained in the global model. This is captured by
the second term, ||gt,i||22, which inherently accounts for the direction of the local changes.

The variance, as defined in Equation (4.2), reflects the interplay between these two
quantities serves as an insightful gauge of the state of the training progress:

1. Low Variance indicates either minimal local progress (both terms low), or substantial
local progress in a cohesive and promising way (both terms high).

2. High Variance indicates significant local progress (high first term) but towards con-
flicting local minima (low second term).

Trends. What do we really mean by low or high variance? The answer is that these terms
are inherently relative and task-specific, influenced by factors like the dataset, model
size, optimizer, and hyper-parameters. To illustrate this, we investigate the value of
the variance at the end of each FL round under the fixed-round termination schedule of
FedOpt. Figures 4.2-4.6 plot the variance at the exact moment when model updates
are collected from the server. While the experimental setup—including the specific model
and datasets—will be detailed later, we present these plots here to help readers intuitively
grasp the variance as a metric and its trends.
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Figure 4.4: Variance progression during the first 200 rounds of training with FedOpt
using RoBERTa on the QNLI dataset
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Figure 4.3: Variance progression during the first 250 rounds of training with FedOpt
using RoBERTa on the RTE dataset
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Figure 4.5: Variance progression during the first 200 rounds of training with FedOpt
using RoBERTa on the SST-2 dataset
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Figure 4.6: Variance progression during the first 200 rounds of training with FedOpt
using DeBERTaV3 on the MNLI dataset

These plots underscore the critical need to revisit the originally proposed static variance
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monitoring scheme. Variance trends are inherently dynamic, evolving throughout training,
and thus require an adaptive approach to be captured effectively. Moreover, different
algorithms exhibit vastly different variance magnitudes (please note that the y-axis are
logarithmic) and behaviors. Hence, variance trends should only be interpreted within the
context of the same training run. Additionally, the magnitude of the variance may evolve
even for the same optimizer by 1-3 orders of magnitude, depending on whether the training
is in its early, middle, or late stages.

All in all, high variance does not necessarily indicate that the model will converge
to a suboptimal solution or that training is progressing poorly. Rather, high variance is
interpreted as a sign of misalignment and instability when viewed in relation to earlier
training rounds of the same run/optimizer.

4.3.3 The FDA-Opt Algorithm

High-Level Overview. Having established model variance as a key indicator of training
dynamics—with distinct behaviors and trends—we now leverage these insights for a unique
goal: to extend local training duration beyond traditional limits without compromising
convergence. To this end, we the propose FDA-Opt, presented in Algorithm 7. The
highlighted lines represent the core additions that distinguish FDA-Opt: namely, the
logic for monitoring model variance and dynamically terminating rounds. These additions
act as an adapter to the original FedOpt framework (non-highlighted lines, also detailed
in Section 2.2.2), effectively generalizing it with an dynamic round termination scheme.

Operational Details. The algorithm begins with a user-provided local training duration
τ . This value is expected to be based on well-established and empirically effective configu-
rations from prior FedOpt work. Then, FDA-Opt modifies this internally by extending
it to a larger value τ̃ ≫ τ (e.g., τ̃ = 10 · τ ; see Line 2).

From this point onward, the algorithm proceeds using the standard round-based ap-
proach described in Section 2.2.2. At the beginning of each round t, a cohort of clients
St is sampled. These clients train locally for up to τ̃ steps (Lines 3–9). At the end of
training—whose actual length may vary—we compute the “pseudo”-gradient from model
changes and update the global model accordingly (Lines 18 and 21). This process is re-
peated for a total of T rounds. What sets FDA-Opt apart is its variance monitoring
logic.

Specifically, during local training, clients periodically synchronize compact state infor-
mation (Lines 11–12) to approximate the model variance (Line 13). However, querying
variance too frequently (e.g., after every local step) can completely bottleneck a real-world
FL system. This is not due to communication volume (the local state states are small),
but due to the synchronous nature of the operation. To mitigate this, we introduce a
configurable set of step indices, Iquery ⊆ [1, 2, ..., τ̃ ], which determines the exact points
where variance queries are performed (Line 10). In contrast to the original FDA formu-
lation [72], which used Iquery = [1, 2, ..., τ̃ ] (i.e., checking after every step), our method
leaves this set user-defined. In practice, we encourage it to be significantly sparser. As we
will show later, in our setup the variance is queried only once per epoch.

Lastly, following the discussion on variance behavior in Section 4.3.2, we allow the
threshold value, Θt, to evolve across training rounds. Rather than using a fixed value, the
threshold is updated dynamically based on the observed training dynamics. Specifically,
we define a function ThresholdAdjust, which takes as input the current threshold Θt,
the actual variance value at the end of the round, and the final step index st where the
round terminated (Lines 19–20). Intuitively, these inputs capture the key information
needed to answer two questions: (1) was the current threshold too high or too low? and
(2) did the round terminate at a reasonable point (e.g., st = 1 should raise concerns)? In
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Algorithm 7 FDA-Opt

Input: Initial w0; ClientOpt, ServerOpt; Total rounds T ; Local training steps τ ,
specifically tuned for FedOpt [58]

1: Set Θ0 = −∞
2: Choose extended τ̃ ≫ τ ▷ FDA-Opt extends local training
3: for each round t = 0, . . . , T − 1 do
4: Sample a subset St ⊆ K of clients

5: Set w
(k)
t,0 = wt for all k ∈ St

6: for each client k ∈ St in parallel do
7: for each local step i = 1, ..., τ̃ do

8: Compute a gradient estimate g
(k)
t,i−1 of ∇Fk(w

(k)
t,i−1)

9: w
(k)
t,i = ClientOpt(w

(k)
t,i−1, g

(k)
t,i−1)

10: If i ∈ Iquery then ▷ Query variance now

11: Construct local state A
(k)
t,i using (4.1)

12: Aggregate states At,i = 1
|St|
∑

k∈St
A

(k)
t,i

13: Variance approx. νt,i = H(At,i) ▷ See [72]

14: If νt,i > Θt then ▷ Threshold violation

15: st = i ▷ Round’s final step index

16: break ▷ Training round terminates

17: ∆
(k)
t,st = w

(k)
t,st −w

(k)
t,0 ▷ Local model change

18: gt,st = − 1
|St|
∑

k∈St
∆

(k)
t,st ▷ “Pseudo”-gradient

19: νart = Var(Wt,st) ▷ Compute actual variance using (4.2)

20: Θt+1 = ThresholdAdjust(νart,Θt, st)

21: wt+1 = ServerOpt(wt, gt,st)
22: return wT

the next section, we will explore practical choices for this function. Notably, computing
the variance in Line 19 requires no additional work, as it reuses quantities—the drifts and
“pseudo”-gradient—that are already available (Lines 17–18).

4.3.4 Default Configuration for FDA-Opt

We adopt a conservative approach in the configurations below. These are the exact settings
used in our experiments, as they yield stable and reliable performance across all tasks.
While we believe there is room for improvement—potentially through more aggressive
configurations (e.g., a larger linear coefficient of increase of τ)—we leave such tuning as a
direction for future work, beyond the scope of this study.

Local Training Extension. We set τ̃ to be twice the original τ plus a large constant.
This constant is chosen to be eight times the size of a typical client dataset—denoted by
e. Formally:

τ̃ = 2 · τ + 8 · ⌈e⌉, where e ≈ 1

|K|
∑
k∈K
|Dk| (4.3)

Variance Query Indices. Within each round, we query the variance once per epoch.
This completely alleviates the synchronization bottleneck encountered in the original
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work [72]. We define:
Iquery = {e, 2e, ..., ⌊τ̃ /e⌋ · e}

ThresholdAdjust. In general, variance within a round t tends to increase as local
training progresses. We set the threshold Θt such that it is approximately equal to the
expected variance around the midpoint of local training (i.e., at step

⌊
τ̃
2

⌋
). Assuming linear

growth, we can estimate the midpoint variance of the round t+1 using a simple proportion,
based on known values from the current round t—specifically, the actual variance νart and
termination step st computed in Lines 15 and 19 of Algorithm 7, respectively:

νart
after−−−→ st local steps

νar
(est)
t+1

after−−−→ τ̃

2
local steps

With this linear prediction, we set the next round’s threshold to the estimated variance

at the midpoint of local training, νar
(est)
t+1 :

Θt+1 =
τ̃ /2

st
· νart

4.4 Experimental Approach

In this section, we outline the methodology and rationale behind evaluating the proposed
FDA-Opt family of algorithms against FedOpt. Specifically, we detail the infrastructure,
datasets, data partitioning strategies, and models used in our study.

4.4.1 Infrastructure

We conduct our experiments using the transformers library from Hugging Face [90] with
PyTorch [54]. The code for our implementation is available at https://github.com/

miketheologitis/FDA-Opt. All experiments are performed on a local cluster equipped
with 2 NVIDIA A10 GPUs and 46 Intel(R) Xeon(R) Silver 4310 CPUs.

4.4.2 Tasks & Datasets

Natural Language Understanding (NLU) tasks are a core component of evaluating machine
learning models in NLP. These tasks test a model’s ability to understand, reason, and
infer relationships between pieces of text. To conduct our experiments, we select six
widely used datasets and tasks from the GLUE [78] benchmark: MRPC [16], SST-2 [64],
RTE [78], QNLI [78], MNLI-m and MNLI-mm [87]—each corresponding to a distinct NLU
task. Since the GLUE test sets are unpublished, we follow prior studies [94] and use the
validation sets as the new test sets.

4.4.3 Data Partitioning

A critical aspect of FL is the distribution of data across clients, which is characterized
by high heterogeneity. Most NLP datasets are designed for centralized machine learning
settings. In this subsection, we describe how we partitioned these datasets for FL.
Clients. The scale of data federation is determined by the number of clients, which
generally falls into two categories: cross-silo and cross-device [31, 56]. In cross-silo FL,
the number of clients is small—such as hospitals or financial institutions—often allowing
all clients to participate in each training round. For this setting, we use the MRPC and
RTE datasets. In contrast, cross-device FL involves a much larger pool of clients, such
as mobile or IoT devices, where only a fraction of them can participate in each round.
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Table 4.1: Client Partitioning Strategies per Dataset

MRPC RTE SST-2 QNLI MNLI-m MNLI-mm

#Clients 10 10 100 250 1000 1000

Sample Size 10 5 10 10 10 10

Cross-Silo ✓ ✓ ✗ ✗ ✗ ✗

Cross-Device ✗ ✗ ✓ ✓ ✓ ✓

For this setting, we use the SST-2, QNLI, and MNLI datasets. Table 4.1 summarizes the
client partitioning and sampling strategies across these datasets.

Label Distribution. One of the most common heterogeneity scenarios in FL is the
presence of non-IID label distributions, where clients possess data with disproportionately
distributed labels. For instance, one client may predominantly have samples of label A,
while another may mostly contain label B. This phenomenon frequently occurs in real-
world applications and is modeled using the Dirichlet distribution [39, 44, 56]. The degree
of label imbalance is controlled by the concentration parameter α. Larger values of α result
in more uniform distributions, with α → ∞ producing a perfectly uniform distribution.
Conversely, as α approaches zero, the distributions become highly imbalanced, with each
client predominantly holding samples from a single label. In our experiments, we set
α = 1.0, introducing a considerable level of heterogeneity.

4.4.4 Datasets & Task Descriptions

In this section, we describe the datasets used in our experiments, each corresponding to a
distinct NLU task.

MRPC. The Microsoft Research Paraphrase Corpus (MRPC) [16] consists of sentence
pairs collected from news-wire articles. The goal is to classify whether or not a given
pair of sentences are paraphrases of each other. The reported metric is Accuracy. MRPC
belongs to the category of Sentence Similarity tasks. Notably, the dataset is imbalanced,
with 68% of the pairs labeled as paraphrases.

SST-2. The Stanford Sentiment Treebank (SST-2) [64] consists of sentences from movie
reviews along with human annotations of their sentiment. The goal is to predict the sen-
timent of a given sentence as either positive or negative. The reported metric is Accuracy.
SST-2 belongs to the category of Sentiment Analysis tasks.

RTE. The Recognizing Textual Entailment (RTE) [78] consists of pairs of sentences where
the task is to determine whether or not the meaning of the second sentence (the hypothesis)
is entailed by the first sentence (the premise). The reported metric is Accuracy. RTE
belongs to the category of Natural Language Inference (NLI) tasks.

QNLI. The Question-answering Natural Language Inference (QNLI) dataset [78] consists
of question-context pairs. The goal is to determine whether or not the context sentence
contains the answer to the question. The reported metric is Accuracy. QNLI belongs to
the category of NLI tasks.

MNLI-m/mm. The Multi-Genre Natural Language Inference (MNLI) corpus [87] is a
large-scale dataset for evaluating a model’s ability to perform NLI across diverse textual
domains. Each sample consists of a premise and a hypothesis, and the goal is to classify
their relationship as entailment, contradiction, or neutral. The evaluation is conducted on
two test sets: matched (MNLI-m) and mismatched (MNLI-mm), representing in-domain
and out-of-domain genres, respectively. The reported metric is Accuracy.
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4.4.5 Label Imbalance Scheme

Modeling label imbalance in a way that closely mirrors real-world scenarios has been
extensively studied in the literature. The widely adopted approach is to simulate non-IID
label distributions using a Dirichlet allocation scheme. The method works as follows [39,
44]:

Assume we have a dataset with L labels. The label distribution for each client is
parameterized by a vector q(k) ∈ (0, 1)L with ||q(k)||1 = 1, where q

(k)
l represents the

proportion of instances of label l for client k. We sample q(k) from a Dirichlet distribution,
q(k) ∼ DirL(αp), where p is the prior class distribution (assumed to be known) and α > 0
is a concentration parameter. After constructing these sampled label distributions, we
allocate data to each client accordingly.

The degree of label imbalance can be flexibly controlled by varying a parameter α.
Larger values of α result in more uniform distributions, with α→∞ producing a perfectly
uniform distribution across clients. Conversely, as α approaches zero, the distributions
become highly imbalanced, with each client predominantly holding samples from a single
label.

In our experiments we use a concentration parameter α = 1.0. Figures 4.8 and 4.7
illustrate its effect on label imbalance across clients for all datasets. Moreover, these
figure also showcase the slight quantity imbalance which is inevitably introduced following
aforementioned scheme.
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Figure 4.7: Histogram of Label and Quantity data distribution across clients for the three
Cross-Device datasets. The non-IID label partitioning is done using a Dirichlet distribution
with parameter α = 1.0
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Figure 4.8: Histogram of Label and Quantity data distribution across clients for the two
Cross-Silo datasets. The non-IID label partitioning is done using a Dirichlet distribution
with parameter α = 1.0

4.4.6 Hyper-parameter Selection

In this section we outline the approach for identifying the optimal configuration for each
FedOpt algorithm when training a specific model on a specific dataset. Algorithms in
the FedOpt family are highly sensitive to both client and server learning rates, and their
interaction is often task-specific and unpredictable. We conduct a grid search to determine
the best hyper-parameters for each dataset and algorithm (see Figures 4.9-4.14). The final
selections based on this process are summarized in Table 4.2.

As a representative example, consider the RoBERTa model trained MRPC dataset. We
tune learning rates using a commonly adopted search grid [79] (Figure 4.9). Specifically, we
investigate server and client learning rates in {10−5, 10−4, . . . , 10−1} for FedAdaGrad,
following well-established guidelines [18]. We then train RoBERTa with FedAdaGrad
for T = 100 rounds, recording the highest accuracy achieved across all rounds. As shown
in Figure 4.9, the best-performing configuration for FedAdaGrad on MRPC reached
89% accuracy with server and client learning rates of 10−4 and 10−5, respectively. These
values are taken as the best hyper-parameters to train RoBERTa with FedAdaGrad on
MRPC.

We then apply these optimal learning rates to the FDA-Opt counterpart. Specifically,
when training RoBERTa with FDA-AdaGrad on MRPC, we use the server and client
learning rates of 10−4 and 10−5, respectively, as determined from the above analysis. While
these values are most likely not optimal for FDA-AdaGrad, our goal is to conclusively
demonstrate that FDA-Opt outperforms FedOpt and that hyper-parameters proven
effective for FedOpt not only work for FDA-Opt but also yield better results. This has
the powerful implication that we can seamlessly replace all FDA-Opt algorithms with
FedOpt.
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Figure 4.9: The highest testing accuracy of RoBERTa on the MRPC dataset during the
first 100 rounds of training, across various client and server optimizer learning rates.
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Figure 4.10: The highest testing accuracy of RoBERTa on the RTE dataset during the
first 250 rounds of training, across various client and server optimizer learning rates.
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Figure 4.11: The highest testing accuracy of RoBERTa on the SST-2 dataset during the
first 200 rounds of training, across various client and server optimizer learning rates.
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Figure 4.12: The highest testing accuracy of RoBERTa on the QNLI dataset during the
first 200 rounds of training, across various client and server optimizer learning rates.

51



Generalized Federated Dynamic Averaging

0

5

4

3

2

1

Cl
ie

nt
 L

ea
rn

in
g 

Ra
te

 (l
og

10
)

32.7

44.9

88.0

89.2

35.4
FedAvg

40

60

80

Ac
cu

ra
cy

_m

2 1 0
Server Learning Rate (log10 )

5

4

3

2

1

Cl
ie

nt
 L

ea
rn

in
g 

Ra
te

 (l
og

10
)

31.8 32.7 41.1

32.6 41.6 87.3

42.9 87.3 90.1

84.4 51.7 84.2

53.6 35.4 49.6
FedAvgM

40

50

60

70

80

90

Ac
cu

ra
cy

_m

5 4 3
Server Learning Rate (log10 )

5

4

3

2

1

Cl
ie

nt
 L

ea
rn

in
g 

Ra
te

 (l
og

10
)

82.2 89.8 35.4

84.5 89.8 35.4

85.1 88.4 35.4

88.1 89.9 38.5

35.4 86.1 35.4
FedAdam

40

50

60

70

80

Ac
cu

ra
cy

_m

5 4 3
Server Learning Rate (log10 )

5

4

3

2

1

Cl
ie

nt
 L

ea
rn

in
g 

Ra
te

 (l
og

10
)

82.2 89.8 35.4

84.5 89.9 35.4

85.1 88.5 35.4

88.1 89.6 38.5

35.4 85.5 35.4
FedAdamW

40

50

60

70

80

Ac
cu

ra
cy

_m

5 4 3
Server Learning Rate (log10 )

5

4

3

2

1

Cl
ie

nt
 L

ea
rn

in
g 

Ra
te

 (l
og

10
)

53.0 87.5 35.4

50.3 85.7 35.4

47.0 85.4 35.5

64.1 88.5 39.1

35.4 35.4 43.5
FedAdaGrad

40

50

60

70

80

Ac
cu

ra
cy

_m

Figure 4.13: The highest testing accuracy of DeBERTaV3 on the MNLI-m dataset during
the first 200 rounds of training, across various client and server optimizer learning rates.
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Figure 4.14: The highest testing accuracy of DeBERTaV3 on the MNLI-mm dataset during
the first 200 rounds of training, across various client and server optimizer learning rates.

Quantity Distribution. Another common heterogeneity scenario in FL is quantity-
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Table 4.2: The best-performing learning rate (lr) in log10 for the RoBERTa model with
each FedOpt algorithm across datasets. ClientOpt is listed on top and ServerOpt
at the bottom. For example, the bottom-left cell shows AdaGrad at the server with lr
= 10−4 and SGD at the client with lr = 10−5

MRPC RTE SST-2 QNLI MNLI

FedAvg
SGD 0 0 0 0 0
SGD −3 −3 −3 −3 −2

FedAvgM
SGDM 0 −1 0 0 0
SGD −3 −3 −4 −3 −3

FedAdam
Adam −4 −5 −4 −4 −4
SGD −4 −5 −4 −3 −2

FedAdamW
AdamW −4 −5 −4 −4 −4
SGD −5 −5 −4 −3 −4

FedAdaGrad
AdaGrad −4 −4 −4 −4 −4
SGD −5 −3 −4 −3 −2

Table 4.3: Best-known accuracy scores (↑) for fine-tuning each model on each task in an
ideal centralized setting. These values serve as target performance baselines

RoBERTa [46] DeBERTa [26]

MRPC↑ RTE↑ SST-2↑ QNLI↑ MNLI-m↑ MNLI-mm↑
90.2% 78.7% 94.8% 92.8% 90.6% 90.7%

based imbalance, where clients possess vastly different amounts of data. We do not explic-
itly consider this scenario in our experiments. Nevertheless, while we aim to keep quantity
distribution balanced, some low degree of quantity imbalance is inevitably introduced due
to the label-based non-IID scheme.

4.4.7 Models & Quality Baselines

In our experiments, we use the pre-trained transformer-based models RoBERTa [46] and
DeBERTaV3 [26]. More specifically, we use the roberta-base and microsoft/deberta-v3-base

checkpoints available through Hugging Face [90], which contain 125 million and 86 mil-
lion parameters, respectively. Such encoder models are well-suited for FL, as they can be
readily fine-tuned for a wide range of practical downstream NLP tasks [44] (e.g., senti-
ment analysis, textual entailment, etc.). We fine-tune both models with the FedOpt and
FDA-Opt algorithms on the datasets outlined in Section 4.4.2.

Of course, our ultimate goal in FL is to train accurate and robust models. Thus, as in
most of the FL literature [58], we evaluate algorithms based on how efficiently they manage
to do that. In other words, instead of comparing final accuracy scores or communication
alone, we ask: how many communication rounds does it take to train a model with a specific
target quality?

To define those targets in a consistent and task-agnostic way, we express them as
percentages of the best-known centralized performance. Given both models’ widespread
adoption, their top-reported performance when fine-tuned in centralized settings is well-
documented (see Table 4.3). Naturally, due to the adverse conditions of data federation,
FL performance is typically lower than centralized baselines. For example, the highest
accuracy ever reported for RoBERTa when fine-tuned on MRPC is 90.2%; then, a target
of 90% means attaining at least 81.18% accuracy (90% · 90.2 = 81.18%).
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4.4.8 Algorithms & Hyper-Parameters

We evaluate the most widely used algorithms from the FedOpt family and compare their
performance with our proposed FDA-Opt algorithms. To ensure a fair, apples-to-apples
comparison, each FedOpt algorithm is paired with its corresponding FDA-Opt variant
using identical parameter configurations. For example, we compare FedAdamW with
FDA-AdamW, keeping all optimizer settings fixed. The algorithmic pairs we compare
are outlined in Table 2.1.

Our goal is to conclusively demonstrate that FDA-Opt outperforms FedOpt and
that hyper-parameters proven effective for FedOpt not only work for FDA-Opt but also
yield better results. To show this, we first find the optimal hyper-parameter configuration
for each FedOpt algorithm1. Then, we apply these to our proposed FDA-Opt counter-
parts. Given this approach, evidence that FDA-Opt outperforms FedOpt is particularly
meaningful.

Lastly, unless otherwise specified, we set the number of local steps τ equal to one
epoch—that is, τ = ⌈e⌉ from Equation (4.3)—as this is the most common and widely
accepted choice in the FedOpt literature [44, 58, 28]. Moreover, we use a batch size of 8
and train for an exhaustive number of rounds, T ∈ {100, . . . , 1000}, ensuring that training
continues well beyond likely convergence.

4.5 Experimental Results & Analysis

In this section, we evaluate the performance of FDA-Opt against FedOpt across a va-
riety of FL tasks, focusing on two key aspects: communication efficiency and convergence
behavior, for the same model quality. Notably, our FDA-Opt algorithms operate un-
der configurations optimized for their FedOpt competitors—which makes the following
observed improvements all the more noteworthy.

4.5.1 Main Findings

The main findings of our experimental analyses are the following:

• Communication-Efficiency. FDA-Opt demonstrates significant improvements in
communication-efficiency. On average, it is 2.15× more efficient in the cross-silo set-
ting and 1.8× in the cross-device setting to train the highest accuracy models.

• Convergence. FDA-Opt converges to 5–10× lower training loss than FedOpt
within the same number of rounds. The cross-silo setting is characterized by a sharp
initial drop in loss, which is less pronounced in the cross-device setting.

• Stability. FDA-Opt is more robust across different initial local training step values,
τ , while FedOpt often fails to converge. Moreover, the communication improvements
mirror those observed in the default case.

4.5.2 Communication-Efficiency

The communication overhead incurred by each algorithm is directly analogous to the
number of rounds. For FedOpt, communication between clients and the server occurs
only at the end of each round. In FDA-Opt, there is additional communication due to the

1For each FedOpt algorithm and dataset/task combination, we perform an exhaustive grid search to
identify the best-performing hyper-parameters. For example, to optimize FedAdam training RoBERTa
on MRPC, we evaluate a 5 × 5 grid of client and server learning rate combinations—25 configurations in
total—and select the one achieving the highest accuracy. Across all models, tasks, and optimizers, this
process amounts to roughly 700 distinct training runs. While this substantial experimental effort is not
emphasized in the main text due to space constraints, it underpins all reported results.
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Table 4.4: Comparison of FedOpt and FDA-Opt in communication-efficiency for train-
ing RoBERTa and DeBERTaV3 across different datasets to achieve target metrics. The
table reports the number of rounds required to reach 85%, 90%, 95%, and 99% of the top-
reported results in the literature (see Table 4.3)—naturally, the fewer rounds, the better
(↓). For example, in the bottom-left cell, FedAdaGrad requires 29 rounds to achieve
90% of the best-reported accuracy for MRPC (i.e., at least 90% · 90.2 = 81.18%), while
FDA-AdaGrad achieves the same in 21 rounds, making it 1.4× more efficient. Similarly,
it has a speedup of 1.5× for 95%. The “Avg. Speedup” row is computed by averaging the
individual FDA-Opt vs. FedOpt speedup values across each column

RoBERTa DeBERTaV3
MRPC RTE SST-2 QNLI MNLI-m MNLI-mm

90%↓ 95%↓ 90%↓ 95%↓ 95%↓ 99%↓ 90%↓ 95%↓ 85%↓ 90%↓ 85%↓ 90%↓
FedAvg 26 30 67 103 8 93 35 71 12 16 12 15
FDA-SGD 6 10 16 20 7 43 9 23 4 8 4 6
FedAvgM 21 31 111 182 30 91 38 81 29 35 29 35
FDA-SGDM 5 16 41 126 12 41 11 44 12 15 12 15
FedAdam 20 40 118 153 12 42 11 22 11 12 11 12
FDA-Adam 7 11 72 188 8 25 6 20 9 10 9 10
FedAdamW 17 25 118 160 12 35 11 22 57 66 57 66
FDA-AdamW 14 16 71 176 8 14 6 20 43 54 42 52
FedAdaGrad 29 35 20 96 21 67 12 24 8 15 8 11
FDA-AdaGrad 21 23 18 54 7 24 6 20 14 15 6 14

Avg. Speedup 2.8× 2.3× 2.3× 2× 1.9× 2.3× 2.6× 1.6× 1.7× 1.6× 1.9× 1.6×

transmission of small sketches. However, the size of these sketches is negligible compared
to the overall communication cost of transmitting language models (it is ×106 smaller).

As is standard in the literature [79], we evaluate our algorithms by comparing their
performance against predefined target metrics—such as accuracy (↑). The primary objec-
tive of the algorithms is to train a model that attains the target metric. Once they first
do, we assess their communication efficiency by examining the number of FL rounds they
required (↓). Table 4.4 illustrates this evaluation.

Cross-Silo. The cross-silo setting includes RoBERTa trained on the MRPC and RTE
datasets, as outlined in Table 4.1.

• RoBERTa on MRPC. As per Table 4.4, FDA-Opt demonstrates superior communication-
efficiency, with an average speedup of 2.3×-2.8× compared to FedOpt. It is 2.8×
more efficient in reaching 90% of the target metric, and 2.3× for 95%.

• RoBERTa on RTE. Similar trends are observed for the RTE dataset. FDA-Opt
achieves average speedups of 2×-2.3× over FedOpt, with specific gains of 2.3× for
90%, and 2× for 95% of the target metrics.

When the goal is to train the most accurate model—defined here as achieving 95% of the
top-reported metrics—FDA-Opt is, on average, 2.15× more communication-efficient in
the cross-silo setting.

Cross-Device. In the cross-device setting, we analyze performance of training RoBERTa
on the SST-2 and QNLI datasets, and DeBERTaV3 on MNLI-m and MNLI-mm, as out-
lined in Table 4.1.

• RoBERTa on SST-2. FDA-Opt consistently outperforms FedOpt, achieving an
improvement in communication-efficiency of 1.9×-2.3×. Specifically, FDA-Opt is
1.9× more efficient in achieving 90% of the target metric, and 2.3× for 99%.

• RoBERTa on QNLI. Again, FDA-Opt exhibits speedups ranging from 1.6×-2.6×.
It is 2.6× more efficient at 90%, and 1.6× at 95% of the target metric.
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• DeBERTaV3 on MNLI-m. Similarly, FDA-Opt has improvements of 1.7× and
1.6×, corresponding to 85% and 90% of the target metrics, respectively.

• DeBERTaV3 on MNLI-mm. Lastly, FDA-Opt is 1.7× and 1.6×more communication-
efficient than FedOpt, for attaining 85% and 90% of the target accuracies, respec-
tively.

Similarly, in the cross-device setting, FDA-Opt achieves an average improvement in
communication-efficiency of 1.8× when training models to attain the highest possible
accuracy targets.

4.5.3 Convergence

Analyzing training loss progression is key to understanding the convergence behavior
of FL algorithms. It provides insights into how quickly and effectively models learn—
essentially, their ability to minimize objectives. In this subsection we analyze Figures 4.15
and 4.16 which compare the performance of FDA-Opt and FedOpt on the four datasets
of RoBERTa. The conclusions drawn regarding convergence pace and quality from these
two datasets are indicative of the broader trends observed across all experiments.

Cross-Silo. On the MRPC dataset (Figure 4.15)—which simulates a cross-silo setting
following Table 4.1—all FDA-Opt algorithms demonstrate significantly faster conver-
gence than their FedOpt counterparts (Figure 4.15). For instance, FDA-SGD achieves
a training loss 100× smaller than FedAvg within the first 100 rounds. Additionally, both
FDA-SGDM and FDA-AdamW exhibit sharp drops within the initial 30–40 rounds,
outperforming FedAvgM and FedAdamW, respectively, with FDA-SGDM stabilizing
at a loss 10× smaller than FedAvgM. Meanwhile, FDA-Adam converges to a loss 5×
smaller than FedAdam, and FDA-AdaGrad consistently maintains a 5× lower loss than
FedAdaGrad after the initial rounds. Similar conclusions can be drawn for RTE from
Figure 4.16.

Cross-Device. On the SST-2 dataset (Figure 4.15)—representing a cross-device setting
as outlined in Table 4.1—all FDA-Opt algorithms consistently achieve 5–10× lower train-
ing loss compared to their FedOpt counterparts (Figure 4.15). Unlike the cross-silo case,
the initial drop in training loss is less pronounced, which is expected since each round
involves only a small subset of clients. This leads to initial updates that are less repre-
sentative of the overall training distribution. Similar conclusions can be drawn for QNLI
from Figure 4.16.

4.5.4 Stability to Local Training Extension

Empirical evidence suggests that increasing the number of local training steps τ can lead
to degraded performance or non-convergence altogether [79, 93]. Since our scheme extends
local training even further (τ̃ ≫ τ), it is crucial to examine whether this extension intro-
duces any instability. To this end, we train RoBERTa on MRPC (cross-silo) and SST-2
(cross-device) using a range of values for τ .

The results, shown in Figure 4.17, reveal two key insights. First, in every one of the 10
subplots, FDA-Opt consistently requires fewer training rounds than FedOpt. Across all
50 individual setups, FDA-Opt outperforms FedOpt in 40 cases—often by a large mar-
gin. Conversely, FedOpt shows only marginal improvements in the remaining 10 cases.
Second, and most importantly, FDA-Opt converges reliably across all experiments. In
contrast, FedOpt fails to converge in 4 out of 50 (specifically, FedAvgM and FedAda-
Grad on MRPC). This is particularly problematic in FL, where non-convergence is almost
impossible to detect and may lead to severe, and exploding communication cost.
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Figure 4.15: Training Loss progression of training RoBERTa with FDA-Opt vs. FedOpt
on MRPC (left) and SST-2 (right)

These findings highlight that FDA-Opt is not only more efficient, but also inherently
stable and safe for extended local training intervals—a direct result of monitoring the
variance.

4.6 Related Work

This section reviews related work on communication-efficient FL.

Round Termination. Several works have explored strategies for determining the round
termination intervals in FL. The study in [82] aims to find a fixed, optimal interval by
balancing local computation and aggregation constraints. In contrast, [52] analyzes the
trade-off between fast convergence and round completion rates under strongly convex
client objectives, leading to a decaying round duration scheme. Similarly, [80] minimizes
convergence error with respect to wall-clock time by progressively decreasing the round
duration. On the other hand, [23] focuses on minimizing communication rounds for a
fixed number of model updates, which results in an increasing sequence of round duration
intervals. Unlike these approaches, which rely on predefined schedules—whether fixed,
decaying, or increasing—FDA-Opt makes round termination decisions dynamically, in
real-time, based on the state of the training.

Convergence. The most direct way to alleviate the communication burden in FL is
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Figure 4.16: Training Loss progression of training RoBERTa with FDA-Opt vs. FedOpt
on RTE (left) and QNLI (right)

to accelerate convergence. This motivated the development of the FedOpt family (Sec-
tion 2.2.2). However, FL algorithms still struggle with high heterogeneity, where different
clients converge to disparate and often conflicting local minima [33, 58, 86], ultimately
slowing down convergence. To address this, SCAFFOLD introduced control variates
to correct client drift [33]. Similarly, the Mime framework [32] leverages both control
variates and server statistics. FedProx[41] tackles heterogeneity by adding an L2 regu-
larization term. Notably, it has been demonstrated that FedOpt outperforms FedProx
in NLP tasks similar to ours [44]. Lastly, FedDyn [2] introduces a dynamic regularizer,
ensuring that client convergence aligns with the stationary point of the global objective.
Importantly, FDA-Opt is orthogonal to these optimization methods as we focus on a
complementary aspect: when to terminate rounds.

PEFT. Parameter-efficient fine-tuning (PEFT) [43, 38, 29, 7] trains only a small sub-
set of a model’s parameters while keeping the rest frozen. One of the most widely used
approaches, LoRA [29], injects low-rank adaptation matrices into a transformer’s frozen
attention layers, reducing the number of trainable parameters to < 1%. Given the commu-
nication constraints in FL, recent studies have explored the applicability of PEFT methods
in this setting [94, 67]. However, techniques like LoRA struggle with the high heterogene-
ity present in FL [67]. SLoRA [5] addresses this issue by leveraging sparse fine-tuning [4]
to initialize the injected parameters more effectively. These PEFT methods can be readily
integrated with FDA-Opt, as the choice of trainable parameters, w, remains user-defined.
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Figure 4.17: Training RoBERTa with FDA-Opt vs. FedOpt for varying initial local
training steps τ (measured in epochs). We report the number of rounds required to attain
the target accuracy. Failure to converge is marked with “×”

Compression. Another way to reduce communication in FL is to compress transmitted
information using techniques like quantization [62] and sparsification [3, 6]. A compre-
hensive survey of these methods is provided in [84]. Notably, compression is orthogonal
to our approach and can be seamlessly integrated with FDA-Opt.

4.7 Key Takeaways

In this work, we introduced the FDA-Opt family of algorithms, a unified generaliza-
tion of both FDA and FedOpt, addressing their core limitations. We empirically prove
that FDA-Opt is more communication efficient and reliable than FedOpt. Furthermore,
through carefully designed experiments, we demonstrating that FDA-Opt can seamlessly
replace FedOpt, as it can be directly configured using settings from the FedOpt litera-
ture. To this end, each comparison between the two algorithmic families was conducted
using the best-performing configurations for our competitor, FedOpt—showing that well-
established settings from the literature can be applied to our algorithms without modi-
fication. Importantly, even under these “unfair” conditions, FDA-Opt achieves at least
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2× greater communication-efficiency on average and consistently converges to 5×–10×
lower training loss. These findings hint at significant practical implications for improving
modern FL libraries and real-world deployments.
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5. Conclusion

This thesis tackled the fundamental challenge of communication-efficiency in Federated
Learning by proposing adaptive synchronization strategies based on real-time training
dynamics. We introduced Federated Dynamic Averaging (FDA), a novel algorithm that
dynamically determines when to synchronize models based on approximations of inter-
client model variance. Through extensive experiments on diverse vision datasets and
tasks, we demonstrated that FDA significantly reduces communication overhead—often by
orders of magnitude—without increasing computational cost or sacrificing model quality.
Moreover, FDA showed strong robustness to data heterogeneity and exhibited implicit
regularization effects, helping to mitigate overfitting in challenging non-IID settings.

Building on this foundation, we developed the FDA-Opt family of algorithms, a uni-
fied generalization of both FDA and FedOpt, addressing their core limitations. We em-
pirically show that FDA-Opt is more communication-efficient and reliable than FedOpt
to fine-tune state-of-the-art language models on downstream NLP tasks. Furthermore,
through carefully designed experiments, we demonstrate that FDA-Opt can seamlessly
replace FedOpt, as it can be directly configured using hyper-parameter settings from the
FedOpt literature. To this end, all comparisons were conducted using the best-performing
configurations for our competitor, FedOpt, showing that well-established settings can be
applied to our algorithms without modification. Importantly, even under these “unfair”
conditions, FDA-Opt achieves at least 2× greater communication efficiency on average
and consistently converges to 5×–10× lower training loss. These findings suggest signifi-
cant practical implications for improving modern FL libraries and real-world deployments.

Together, these contributions pave the way for more scalable and practical federated
learning frameworks that dynamically adapt to system conditions, data heterogeneity, and
training dynamics.
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A.1 Additional FDA Generalization Gap Results
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Figure A.1: Training accuracy progression with a test accuracy target (horizontal line) of
0.8 for DenseNet121, and 0.78 for DenseNet201. Dashed and doted lines indicate when
LinearFDA and SketchFDA attain the target accuracy, respectively. A smaller final
gap between training and target accuracy indicates less overfitting, i.e., better generaliza-
tion capabilities of the trained model
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Figure A.2: Training accuracy progression with a test accuracy target (horizontal line) of
0.8 for DenseNet121, and 0.78 for DenseNet201. Dashed and doted lines indicate when
LinearFDA and SketchFDA attain the target accuracy, respectively. A smaller final
gap between training and target accuracy indicates less overfitting, i.e., better generaliza-
tion capabilities of the trained model
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Figure A.3: Training accuracy progression with a test accuracy target (horizontal line) of
0.8 for DenseNet121, and 0.78 for DenseNet201. Dashed and doted lines indicate when
LinearFDA and SketchFDA attain the target accuracy, respectively. A smaller final
gap between training and target accuracy indicates less overfitting, i.e., better generaliza-
tion capabilities of the trained model
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Figure A.4: Training accuracy progression with a test accuracy target (horizontal line) of
0.8 for DenseNet121, and 0.78 for DenseNet201. Dashed and doted lines indicate when
LinearFDA and SketchFDA attain the target accuracy, respectively. A smaller final
gap between training and target accuracy indicates less overfitting, i.e., better generaliza-
tion capabilities of the trained model
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Figure A.5: Training accuracy progression with a test accuracy target (horizontal line) of
0.8 for DenseNet121, and 0.78 for DenseNet201. Dashed and doted lines indicate when
LinearFDA and SketchFDA attain the target accuracy, respectively. A smaller final
gap between training and target accuracy indicates less overfitting, i.e., better generaliza-
tion capabilities of the trained model
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Figure A.6: Training accuracy progression with a test accuracy target (horizontal line) of
0.8 for DenseNet121, and 0.78 for DenseNet201. Dashed and doted lines indicate when
LinearFDA and SketchFDA attain the target accuracy, respectively. A smaller final
gap between training and target accuracy indicates less overfitting, i.e., better generaliza-
tion capabilities of the trained model
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Figure A.7: Training accuracy progression with a test accuracy target (horizontal line) of
0.8 for DenseNet121, and 0.78 for DenseNet201. Dashed and doted lines indicate when
LinearFDA and SketchFDA attain the target accuracy, respectively. A smaller final
gap between training and target accuracy indicates less overfitting, i.e., better generaliza-
tion capabilities of the trained model

77



Appendix

0 20 40 60 80
Epoch

0.3

0.4

0.5

0.6

0.7

0.8

0.9
Tr

ai
ni

ng
 A

cc
ur

ac
y

DenseNet201 , IID , K = 5 , = 600.0

LinearFDA
SketchFDA
FedAvgM
Synchronous

0 20 40 60 80 100 120
Epoch

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

Tr
ai

ni
ng

 A
cc

ur
ac

y

DenseNet201 , IID , K = 10 , = 600.0

LinearFDA
SketchFDA
FedAvgM
Synchronous

0 20 40 60 80 100 120 140
Epoch

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

Tr
ai

ni
ng

 A
cc

ur
ac

y

DenseNet201 , IID , K = 15 , = 600.0

LinearFDA
SketchFDA
FedAvgM
Synchronous

0 25 50 75 100 125 150
Epoch

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

Tr
ai

ni
ng

 A
cc

ur
ac

y

DenseNet201 , IID , K = 20 , = 600.0

LinearFDA
SketchFDA
FedAvgM

0 25 50 75 100 125 150 175
Epoch

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

Tr
ai

ni
ng

 A
cc

ur
ac

y

DenseNet201 , IID , K = 25 , = 600.0

LinearFDA
SketchFDA
FedAvgM
Synchronous

0 50 100 150 200
Epoch

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

Tr
ai

ni
ng

 A
cc

ur
ac

y

DenseNet201 , IID , K = 30 , = 600.0

LinearFDA
SketchFDA
FedAvgM
Synchronous

0 20 40 60 80
Epoch

0.3

0.4

0.5

0.6

0.7

0.8

0.9

Tr
ai

ni
ng

 A
cc

ur
ac

y

DenseNet201 , IID , K = 5 , = 700.0

LinearFDA
SketchFDA
FedAvgM
Synchronous

0 20 40 60 80 100 120
Epoch

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

Tr
ai

ni
ng

 A
cc

ur
ac

y

DenseNet201 , IID , K = 10 , = 700.0

LinearFDA
SketchFDA
FedAvgM
Synchronous

Figure A.8: Training accuracy progression with a test accuracy target (horizontal line) of
0.8 for DenseNet121, and 0.78 for DenseNet201. Dashed and doted lines indicate when
LinearFDA and SketchFDA attain the target accuracy, respectively. A smaller final
gap between training and target accuracy indicates less overfitting, i.e., better generaliza-
tion capabilities of the trained model
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Figure A.9: Training accuracy progression with a test accuracy target (horizontal line) of
0.8 for DenseNet121, and 0.78 for DenseNet201. Dashed and doted lines indicate when
LinearFDA and SketchFDA attain the target accuracy, respectively. A smaller final
gap between training and target accuracy indicates less overfitting, i.e., better generaliza-
tion capabilities of the trained model
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Figure A.10: Training accuracy progression with a test accuracy target (horizontal line)
of 0.8 for DenseNet121, and 0.78 for DenseNet201. Dashed and doted lines indicate when
LinearFDA and SketchFDA attain the target accuracy, respectively. A smaller final
gap between training and target accuracy indicates less overfitting, i.e., better generaliza-
tion capabilities of the trained model
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Figure A.11: Training accuracy progression with a test accuracy target (horizontal line)
of 0.8 for DenseNet121, and 0.78 for DenseNet201. Dashed and doted lines indicate when
LinearFDA and SketchFDA attain the target accuracy, respectively. A smaller final
gap between training and target accuracy indicates less overfitting, i.e., better generaliza-
tion capabilities of the trained model
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