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REFT: Resource-Efficient Federated Training Framework for Het-
erogeneous and Resource-Constrained Environments

Humaid Ahmed H. Desai

(ABSTRACT)

Federated Learning (FL) is a sub-domain of machine learning (ML) that enforces privacy by

allowing the user’s local data to reside on their device. Instead of having users send their

personal data to a server where the model resides, FL flips the paradigm and brings the

model to the user’s device for training. Existing works share model parameters or use dis-

tillation principles to address the challenges of data heterogeneity. However, these methods

ignore some of the other fundamental challenges in FL: device heterogeneity and commu-

nication efficiency. In practice, client devices in FL differ greatly in their computational

power and communication resources. This is exacerbated by unbalanced data distribution,

resulting in an overall increase in training times and the consumption of more bandwidth. In

this work, we present a novel approach for resource-efficient FL called REFT with variable

pruning and knowledge distillation techniques to address the computational and communi-

cation challenges faced by resource-constrained devices. Our variable pruning technique is

designed to reduce computational overhead and increase resource utilization for clients by

adapting the pruning process to their individual computational capabilities. Furthermore, to

minimize bandwidth consumption and reduce the number of back-and-forth communications

between the clients and the server, we leverage knowledge distillation to create an ensemble

of client models and distill their collective knowledge to the server. Our experimental results

on image classification tasks demonstrate the effectiveness of our approach in conducting FL

in a resource-constrained environment. We achieve this by training Deep Neural Network



(DNN) models while optimizing resource utilization at each client. Additionally, our method

allows for minimal bandwidth consumption and a diverse range of client architectures while

maintaining performance and data privacy.



REFT: Resource-Efficient Federated Training Framework for Het-
erogeneous and Resource-Constrained Environments

Humaid Ahmed H. Desai

(GENERAL AUDIENCE ABSTRACT)

In a world driven by data, preserving privacy while leveraging the power of machine learning

(ML) is a critical challenge. Traditional approaches often require sharing personal data with

central servers, raising concerns about data privacy. Federated Learning (FL), is a cutting-

edge solution that turns this paradigm on its head. FL brings the machine learning model to

your device, allowing it to learn from your data without ever leaving your device. While FL

holds great promise, it faces its own set of challenges. Existing research has largely focused

on making FL work with different types of data, but there are still other issues to be resolved.

Our work introduces a novel approach called REFT that addresses two critical challenges in

FL: making it work smoothly on devices with varying levels of computing power and reducing

the amount of data that needs to be transferred during the learning process. Imagine your

smartphone and your laptop. They all have different levels of computing power. REFT

adapts the learning process to each device’s capabilities using a proposed technique called

Variable Pruning. Think of it as a personalized fitness trainer, tailoring the workout to your

specific fitness level. Additionally, we’ve adopted a technique called knowledge distillation.

It’s like a student learning from a teacher, where the teacher shares only the most critical

information. In our case, this reduces the amount of data that needs to be sent across the

internet, saving bandwidth and making FL more efficient. Our experiments, which involved

training machines to recognize images, demonstrate that REFT works well, even on devices



with limited resources. It’s a step forward in ensuring your data stays private while still

making machine learning smarter and more accessible.
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Chapter 1

Introduction

Recent advancements in deep learning have yielded significant progress across diverse do-

mains, including image classification and natural language processing. Nonetheless, the

training of Deep Neural Network (DNN) models for complex tasks, such as image classifica-

tion and natural language processing, necessitates huge amounts of data. Training a DNN

model with such a quantity of data works well in centralized scenarios where the model has

access to all the training data. However, in the majority of cases, like IoT and edge devices,

this wealth of data has been spread across multiple locations. This decentralized nature of

data makes it challenging to collaborate across entities due to technical, privacy, and data

ownership concerns. Consequently, it is infeasible to transfer and store sensitive data on a

central server. To resolve these challenges, Federated Learning (FL) has been introduced as

a promising approach that leverages distributed model training through decentralized data.

1.1 Problem Motivation

Traditional federated learning techniques involve iteratively sharing local model parameters,

or gradients, during training. After each round of local training on local data, the local

model sends its gradients to a central server. The central server aggregates the local model

parameters using conventional data aggregation methods, and this process continues until

the most recent global aggregation updates each local node’s model. Classic federated algo-

1
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rithms such as FedAvg [31] and its derivatives [4, 20, 27] are all based on directly averaging

the model parameters. However, this communication strategy has a number of issues. First,

it is only applicable to models with homogeneous architectures; averaging model parameters

of varying architectures is non-trivial and is a research problem in itself. Second, parameter-

based methods require frequent back-and-forth communication between the server and the

clients [43]. This increases the communication bandwidth and makes the training process

less efficient. Finally, naively averaging model parameters is known to have security vul-

nerabilities as a malicious user could intercept the sharing of parameters between the client

and the server and obtain local private data from the shared gradients [7, 59]. So the first

question is, “How can we perform FL in a way that consumes minimal bandwidth and in-

volves a diverse range of client models while still maintaining the core principle of FL, data

privacy?”

Moreover, client devices in federated learning are typically significantly more resource-

constrained than servers in a data center in terms of processing power, memory, and stor-

age. DNNs usually have millions of parameters, and training such networks on resource-

constrained edge devices may require an inordinate amount of time and energy. This leads

to the next question, ”How can we perform FL wherein we can train DNN models while

maximizing resource utilization at each client?”

Existing work aims to address challenges involved in the parameter-based communication

strategy through the use of ensemble methods [1, 3, 6, 55] that allow us to average individual

model predictions of multiple heterogeneous models. However, in the FL setting, due to high

data heterogeneity and the number of clients, a typical ensemble algorithm is not feasible

as it stores logits of all the models on the server to perform logit averaging. Another class

of approaches uses knowledge distillation [16] to aggregate local models into a single central

model. However, these approaches still pose privacy vulnerabilities as they either expose
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private data or exchange model parameters.

Other approaches have also been proposed to make FL computationally efficient using model

or gradient compression techniques. These approaches either apply quantization that re-

places full 32-bit floating point numerical precision with a lower bit-width precision format

such as INT8 or use a subset of the original model’s parameter vector for training. However,

both techniques have been known to significantly reduce the accuracy of the model.

1.2 Contribution

To address these challenges and answer the posed questions above, we propose REFT, a

resource-efficient FL framework consisting of two primary components: variable structured

model pruning and knowledge distillation. The pruning component reduces the number of

model parameters, consequently reducing FLOPs (Floating Point Operations per Second)

based on the client’s computational capability, and the knowledge distillation focuses on

improving communication efficiency through one-shot knowledge distillation while also ad-

dressing privacy vulnerabilities and the inclusion of heterogeneous model architectures. The

knowledge distillation component is inspired by FedKD [9] which uses public, unlabeled data

that is decoupled from the client’s private data. This design eliminates the vulnerability to

data privacy identified in the previous work. Moreover, unlike existing distillation-based

approaches [24, 30, 45] that synchronously perform model updates by training local models

at the client incrementally, we train local models asynchronously and independently before

aggregating the local prediction on unlabeled public data. This procedure has two bene-

fits. First, it reduces the repetitive communication requirements of synchronous updates,

improving communication efficiency. Second, the use of public data ensures that the server’s

exposure to local knowledge (private data) is limited, thereby reducing the risk of information
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leakage. Our extensive experiments on computer vision tasks with CIFAR10 and CIFAR100

demonstrate that we are able to drastically reduce the number of model parameters and

FLOPs with comparable accuracy and much lower bandwidth consumption compared to the

baselines.

We summarize our key contributions as follows:

• We introduce a novel variable model pruning technique that takes into account the

computational power of individual clients. By performing one-shot structured pruning

on the initial model weights at the server, we customize the pruning level for each client.

This approach utilizes client resources efficiently and reduces both computational and

communication overhead, making the model more suitable for training on resource-

constrained devices.

• We employ a one-way, one-shot client-to-server knowledge distillation approach using

unlabeled, non-sensitive public data. This technique further enhances communication

efficiency in federated learning by optimizing the transfer of knowledge from clients

to the server. We also accommodate clients with heterogeneous model architectures,

which are obtained after structured pruning, enabling their active participation in the

training process.

Overall, our proposed approach combines variable model pruning and one-shot knowledge

distillation to improve the efficiency and effectiveness of federated learning, making it more

feasible for resource-constrained devices, resulting in better resource utilization on the client

side, and accommodating diverse client architectures.



Chapter 2

Literature Review

The proposed framework, REFT, is related to three broad areas: Efficient Federated Learn-

ing, Model Compression, and Knowledge Distillation. In this chapter, we briefly review

existing relevant work and describe how the proposed framework bridges the research gap.

2.1 Efficient Federated Learning

McMahan et al. [31] first coined the term ”federated learning” to address the problem of

decentralized training over distributed data sources, paying particular attention to user data

privacy by limiting direct access to users’ confidential data. The state-of-the-art method for

FL according to their proposed algorithm, Federated Averaging (FedAvg), involves perform-

ing numerous local gradient calculation steps on each client’s local data during each round of

training, followed by a parameter averaging step through a server. This process is repeated

until the stopping criterion is satisfied. Over the years, several derivatives of FedAvg have

been proposed that perform weighting based on the client’s loss [27, 34] or introduce novel

aggregation methods [18, 50]. FedProx [41] aims to solve the client-drift problem caused

by the heterogeneity of local data by including a proximal term for local training. Several

other lines of work like FedAdam [38], FedYogi [38], and FedAcc [56] are aimed at expediting

convergence. Although these methods can result in convergence in various circumstances

when data on different clients is non-independently and identically distributed (non-IID)

5
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[18, 29, 41, 51], high training costs continue to be one of the main barriers preventing FL

from being used in practice.

Recent studies have been geared toward reducing the communication cost between the clients

and the server during the training process [19, 39, 42, 53, 54]. Konečný et al. [21] introduce

two ways, structured and sketched updates, to reduce the cost of uplink client-to-server com-

munication. The first method learns an update from a limited parametrized space with fewer

variables, while the second seeks to learn a full model update and then compress it before

sending it to the server using a combination of quantization, random rotations, and sub-

sampling. However, this work only takes into consideration client-to-server communication

costs and ignores server-to-client communication expenses. On the contrary, [2, 42] pro-

posed to reduce downlink (server-to-client) communication costs by performing novel sparse

ternary compression (STC) techniques and employing dropout with lossy compression to

server-client exchanges.

Another line of work [53] also dictates the reduction of transferred bits during training with

quantization but aims to further reduce the communication overhead by pruning and ex-

cluding unimportant communication with the server, i.e., model updates. However, even

though there is a reduction in the number of bits transferred during training, the number

of back-and-forth communications with the server still remains the same and thus lacks

consideration of communication efficiency. Furthermore, our proposed REFT is much more

efficient in terms of communication and computation, as it can achieve better model com-

pression and performance with just pruning compared to the quantization, pruning, and

selective update techniques combined in [53]. Of course, the addition of the distillation

component makes our approach even more efficient.
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2.2 Model Compression

Many studies have proposed various techniques to reduce the size, number of operations,

and complexity of deep neural networks. These include pruning, quantization, and low-rank

factorization. In this section, we will briefly summarize the work related to neural network

pruning.

Neural network pruning optimizes the performance of large networks by selectively removing

redundant or irrelevant connections or nodes from the network architecture. Early research

examined the second-order Taylor expansion for approximation [15, 23]. However, compu-

tation of the Hessian matrix is very difficult and impractical, especially for current DNNs.

Later, a new approach for pruning convolutional kernels based on Taylor expansion was pro-

posed in [35] that approximates the change in the cost function caused by pruning network

parameters. Han et al.’s work [13, 14] has sparked research interest in magnitude-based

pruning methods where parameters with small enough magnitudes are eliminated from the

network. However, the removal of individual parameter values leads to unstructured sparsity

and requires custom hardware and software support to work in practice [52]. The ”lottery

ticket hypothesis,” which is based on a discovery showing that a network pruned by magni-

tude consists of an ideal substructure of the original network, was introduced in [5, 36]. It

demonstrates that direct training of the pruned network can achieve an accuracy comparable

to that of pre-trained original network pruning.

Few recent works [19, 53] have employed pruning in FL to reduce communication and com-

putation overhead. Specifically, [19] uses a two-stage approach that first performs initial

pruning on a selected client and then ”adaptively” prunes the model further during the FL

process. Here, they refer to the term ”adaptive” as being able to perform reconfiguration

on the model, i.e., removing and adding back the parameters using the unstructured ap-
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proach. Although unstructured pruning results in promising model performance, it has little

to no significance in real-world applications, as it leads to sparse weight matrices that are

irregular and rely on indices to be stored in compressed format [52]. Consequently, they are

less compatible with the data-parallel architecture of GPUs and multicore CPUs, requiring

specialized hardware and software support.

One-shot structured pruning based on the L1 norm was adopted in [53] along with quanti-

zation and selective updating techniques. Unlike unstructured pruning, structured pruning

produces hardware-friendly weight matrices. To realize the actual benefits of pruning, prun-

ing should be followed by parameter shrinkage by reconfiguring the shape of the weight

matrices to reduce inference latency and model size. However, most model compression

works, including [53] use simulation to check the performance of the pruned model, i.e.,

create a mask of weight matrices to assess the improvements in inference latency and mod-

el/parameter reduction. Such approaches have no real speedup or improvements in model or

parameter size. Since reducing the complexity of the model is the ultimate goal of pruning,

we perform model compression by reconfiguring the input and output tensors using the gen-

erated mask to reduce model complexity and improve the inference latency. Furthermore,

[53] only investigates their approach in scenarios where the data is identically distributed.

This lack of consideration makes their approach unsuitable to be used in practice as the

data distribution among clients is often non-IID in nature, making efficient optimization

challenging [26]. Keeping this in mind, our approach is designed to be robust against data

heterogeneity and promises convergence with good performance.
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2.3 Knowledge Distillation

Knowledge distillation was first introduced by Hinton et al. [16]. Since its inception, there

has been significant progress in the model ensemble, with a particular focus on the student-

teacher learning paradigm, where the student model tries to approximate the output logits of

the teacher model [40, 48, 58]. Existing work either attempts to average the logits from the

ensemble of teacher models or extract the knowledge from the feature level. The majority

of the work relies on using the existing training data for the distillation process. Some work

[32, 37] shows that distillation can be accomplished by creating pseudo-data from the weights

of the teacher model or through a generator adversarially trained with the student in case

the real data are unavailable for training. FedDF [30] uses an unlabeled dataset for ensemble

distillation generated from a pre-trained GAN [11].

Guha et al. [12] proposed a one-shot FL approach in which the server learns a global model

of devices in the federated network in a single communication round. However, unlike their

approach, which uses unlabeled public data collected from the same domain, we employ

the approach used by Gong et al. [8, 9, 10] that aggregates local predictions on unlabeled

public data from different domains for better privacy guarantee. Unlike Gong et al., whose

focus is more on preserving privacy, our approach is more geared toward increasing resource

utilization and communication efficiency while maintaining privacy.



Chapter 3

Preliminaries

A typical Federated Learning system consists of a central server S and a group of partici-

pating clients C. Each client in the network possesses its own labeled private dataset DC ,

which it uses to train a local model MC . The server S then combines these local updates

using an aggregation method to obtain an updated global model, MG. This iterative process

continues until a stopping condition is met. The widely used FL algorithm, FedAvg [31],

initially defines a training task, including setting hyperparameters, and selects a fraction of

clients for training. The initial global model M0
G is then broadcast. In each round R, clients

C perform a local computation on their respective data and update their model parameters

WR
C . The primary objective is to minimize the global loss, which is a weighted average of

the individual client’s loss function.

L(w) =
C∑
c=1

kc
k
ℓc(w) (3.1)

where ℓc(w) =
1

kc

∑
i∈Dc

fi(w)

Here, kc represents the number of data samples in the client’s dataset Dc, k denotes the total

number of samples, and ℓc is the loss function of client c.

Ensuring constant communication with the server is essential to achieving the objective in

Eq. 3.1. However, in the context of IoT and edge devices, these devices are often resource-

10
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constrained, which significantly limits communication and computation resources. Training

DNNs on such devices becomes time-consuming, and multiple rounds of communication with

the server result in substantial bandwidth consumption, making this approach inefficient.



Chapter 4

Proposed Framework: REFT

Our goal is to reduce the communication and computational costs of the Federated Learning

(FL) process to include devices with limited resources. While resource-constrained devices

such as Internet of Things (IoT) devices may not be able to train complex DNNs, the data

generated by them is crucial from a learning standpoint. This is particularly relevant in

scenarios where the majority of devices have limited resources, emphasizing the need to

include resource-limited devices in the FL training process. Furthermore, current pruning

techniques [19, 53] employ static pruning that prunes all the clients equally regardless of

their ability to fit the unpruned model or model with a pruning level best suited for their

hardware. PruneFL [19] can be considered partially static as it is adaptive to the client’s

hardware and prunes iteratively while training the model on the client. However, when the

server or a selected client broadcasts the initial model to all clients in the network, with or

without initial pruning, it makes a strong assumption that all clients are capable of training

the initial model even after some initial pruning. Such pruning results in poor resource

utilization by participating clients.

To overcome these issues, we propose a REFT framework with a three-stage pipeline that

reduces the computational cost of training a complex DNN, improves resource utilization

while training the client, and improves communication efficiency by minimizing the number

of repeated communications between the client and the server while maintaining data privacy.

In the first stage, we estimate the computational capacity of the client device by obtaining

12
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Figure 4.1: Overview of REFT

their FLOPS (Floating Point Operations Per Second) values and then prune the model to a

level suitable for training on that client. This approach offers two advantages: First, pruning

reduces the size of the model by reducing its parameters, making it less computationally

demanding. Second, due to the reduced model size, less bandwidth is consumed in the

initial model transfer from the server to the clients.

The second stage encompasses the distribution of the global model, followed by individual

client model training on their respective private datasets. To maintain privacy, the server

is restricted to accessing only public data. Notably, the server maintains its own public

dataset, which we presume is universally available to all clients as an independent dataset.

Consequently, for the purpose of bandwidth calculation, we omit the inclusion of this server-

side public dataset, focusing solely bandwidth cost of server-client communication during FL

training. This exclusion aligns with the established practices in existing works, as exemplified

in [9, 30], wherein public datasets have been utilized. However, these studies have typically

disregarded the associated communication costs of public datasets in their analyses.

In the final stage, we employ knowledge distillation. This method curbs the need for frequent

and large model updates between clients and the server, significantly cutting communication

costs. Additionally, this distillation-based approach enhances the framework’s versatility,



14 CHAPTER 4. PROPOSED FRAMEWORK: REFT

allowing clients to possess distinct architectures aligned with their local data distribution

and computational capabilities.

The details of the 3-stage REFT training process is depicted in Figure 4.1 and is further

described below:

• Variable model pruning: In the initial round (round 0), the server S initializes the

global model parameters WG and prunes them according to client specifications. The

pruned global model, M0
GP

, is then sent to clients. Pruning is done just once using a

one-shot approach, with pruning percentage P (100% > P ≥ 0%) varying based on

client computational power. This method supports heterogeneous model architectures,

allowing different clients to have distinct versions of M0
GP

.

• Model distribution and local training: After pruning, the pruned model M0
GP

is broad-

casted along with the public dataset DP . Each client C then trains the model on its

private labeled dataset Dc = {(xi
c, y

i
c)} where i = 1, 2, 3, ..., |Dc|, and initializes the re-

ceived global model M0
GP

with parameters Wc. It is important to note that the model

architecture for each client may differ due to variable pruning or each client having its

own custom model architecture.

• Knowledge distillation: To ensure privacy, the private datasets of clients are isolated.

The public dataset DP on the server is employed for client-to-server knowledge distil-

lation. An ensemble of local models MC and the global model MGP
forms a teacher-

student arrangement. This maintains privacy while transferring knowledge from clients

to the server.
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4.1 Variable Pruning

Training DNN on devices with limited resources has always been time-consuming, or some-

times it may not even be possible due to the complexity of neural networks. Pruning, as

discussed in Section 2.2 doesn’t just provide acceleration in inference time but also reduces

model size and computational burden. However, pruning in the FL setting is not straight-

forward due to device heterogeneity. The high variation in the hardware capability of the

clients participating in FL leads to large gaps in computational power among the clients,

requiring clients with much less computational capability to train a model with a high degree

of pruning. Static pruning methods often overlook the variability in computational power

among clients in a federated learning network. These methods typically perform pruning

based on the least powerful client, aiming to reduce communication bandwidth. However,

this approach fails to consider clients with sufficient computational resources that can train

an unpruned or less-pruned model effectively.

By applying a static pruning strategy based on the least powerful client, clients with higher

computational power are underutilized as the pruning is not tailored to their hardware capa-

bilities. This limitation hampers their ability to fully leverage their resources for training the

pruned model. Consequently, the potential benefits of dynamic pruning and improved model

performance remain unexploited. We exploit these areas with our variable pruning strategy,

with the goal of achieving a good balance between computation, communication overhead,

and performance. Our approach addresses the shortcomings of static pruning by tailoring

the model pruning process to suit the computational capacities of each client. Unlike static

pruning, which underestimates more potent clients, our strategy optimizes both computation

and communication overheads. By assessing a client’s computing capacity and estimating

the necessary FLOPs for effective model training, we customize the pruning process. This

results in models that are finely tuned for each client, enhancing the overall efficiency of
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the FL process. Given the significance of FLOPs in hardware assessment for DNN training

[46, 47], we prioritize FLOPS as the primary metric for computation assessment and pruning

degree determination. FLOPS provides a reasonable and hardware-independent measure for

assessing the feasibility of neural network training. As memory capacity and other client

hardware parameters can also offer valuable insights, we complement this assessment with

an analysis of memory requirements (RAM) and GPU utilization for the DNNs discussed in

the following sections.

In our study, we adopted the L1 norm-based approach for one-shot structured pruning as it

provides a straightforward way to measure the importance of weights in deep neural networks

[25]. Other pruning criteria, such as those based on pruning during the training process

[44], are not well-suited for our framework, as clients with limited resources may not be

capable of training DNNs initially. In REFT, we apply pruning to both convolutional layers

and fully connected layers. This approach is justified since convolutional layers typically

contribute considerably to the computational overhead, while fully connected layers may

primarily impact the storage space of the model size [25, 44]. The L1-norm pruning method

described in [25] considers ci as the number of input channels for the ith convolutional layer,

hi and wi as the height and width of the input feature map, and κ ∈ Rk×k as the 2D

kernel. By applying ci+1 3D filters Fi,j ∈ Rcik×k to the input channel, the input feature

maps xi ∈ Rci×hi×wi are transformed into output feature maps and used as input feature

maps for the next convolutional layer. Removing a filter Fi,j also removes its corresponding

feature map xi+1,j, reducing the number of operations by cik
2hi+1wi+1.

To realize the actual reduction in model size and improvement in inference time, the pruning

needs to be followed by model shrinkage. To obtain a better reduction in model size and

increase in speed gain, we employ dependency-aware pruning [33] and model shrinkage.

Dependency-aware mode is a technique used in pruning algorithms to better take into account
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(a) No speedup from pruning due to channel
dependency

(b) Optimal pruning through dependency-aware
mode

Figure 4.2: Addressing Channel Dependencies in Pruning using NNI’s Dependency-aware
Pruning.

the topological dependencies across different layers of a neural network.

Specifically, if we consider the addition of output channels from two convolutional layers,

namely, conv1 and conv2 (in Figure 4.2a), it becomes evident that these two layers exhibit

inter-channel dependencies. To elucidate dependency-aware pruning further, consider a sce-

nario where we prune 50% of the output channels (filters) from conv1 and another 50% from

conv2. While it might appear that both layers have undergone a 50% reduction in filters, the

speedup module, which performs matrix reconfiguration, is still required to introduce zeros

to align the output channels. In such a scenario, the anticipated gains in model pruning

efficiency are not realized.

Dependency-aware Pruning harnesses the advantages of model pruning more effectively, as

pruning decisions rely not only on the performance metrics (L1 norm) associated with each

output channel but also on the broader network architecture and its topology. Specifically,

the algorithm identifies and prunes output channels shared by layers that exhibit channel

dependencies, as exemplified in Figure 4.2b (image courtesy [33]).
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Figure 4.3: Overview of Pruning and Model Speedup using NNI Toolkit.

It ensures that pruning is performed in a way that preserves these dependencies, which can

help to improve the final speed gain after the reconfiguration process. The pruner calculates

the L1 norm sum of all the layers in the dependency set for each channel and generates a

weight mask. Here, the dependency set includes all the layers that have channel dependencies

with each other. The number of channels that can be pruned in the end is determined by the

minimum sparsity of the layers in this dependency set. The pruning algorithm will then prune

the same minimum sparsity channels for all the layers in the dependency set. The generated

mask is then subsequently utilized by the NNI’s ModelSpeedup module to reconfigure the

weight tensors, ensuring a meaningful reduction in both model size and inference speed. The

overall variable pruning procedure is described in Algorithm 1. The model speedup process

using the NNI Toolkit [33] is described in Figure 4.3 (image courtesy [33]).
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4.2 Knowledge Distillation

In the knowledge distillation phase, we initiate local model training Mc with the private

labeled dataset Dc at each client. Post-local training, the server dispatches an unlabeled

public dataset Dp = (xi
p), with i = 1, 2, 3, ..., |Dp|, to every client for knowledge distillation.

Referring to [9], the private dataset Dc = (xi
c, y

i
c), i = 1, 2, 3, ..., |Dc| (with c ∈ C), entails

existing classes Tc ⊂ 1, 2, ..., T (T as total classes across clients). The local model’s output

on the public data sample xi
p for class t ∈ Tc is zitc = f(xi

p, wc, t), with w representing model

parameters. In high-data heterogeneity settings, traditional aggregation methods averaging

all teachers’ logits lack suitability, as the client’s dataset may not share identical target

classes. To address this, we introduce the importance weight I for each client, reflecting

local private data distribution. The weight is computed as the ratio of samples in local

client c belonging to class t to total samples across clients:

I tc =
N t

c∑
c∈C N t

c

(4.1)

where N t
c is the sample count in local client c for class t. It is important to note that this

distillation holds true as long as the target class t of public data sample xi
p matches the

target class Tc of the client’s private dataset.

Kullback-Leibler divergence is used to aggregate all teachers’ soft labels. The loss func-

tion, denoted by L, is computed as the sum of the cross-entropy between the teacher and

student models’ predicted probabilities, where pt and qt represent the probabilities of a sam-

ple belonging to class t predicted by the teacher and student models, respectively. This is

represented as:

L =
∑

pt log pt
qt

(4.2)
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The output logits of the central model z̃t = f(xp, ws, t) form the student knowledge, and

the aggregated logits ẑt make up the teacher’s knowledge. To compute the probabilities pt

and qt, the softmax function is applied to the logits with a temperature parameter, τ . [16]

demonstrated that minimizing the loss function defined by Eq. (4.2) with a high-temperature

parameter τ is equivalent to minimizing the L2 norm between the logits of the teacher and

student networks. As a result, the loss function can be simplified as follows:

L = ||z̃ − ẑ||, (4.3)

where ẑ and z̃ represent the logits of the teacher and student networks, respectively.

REFT employs a one-shot offline distillation, predicting with each public data sample once

and iteratively training the central model. This boosts privacy, reduces queries to local

models, and limits local knowledge exposure. Moreover, synchronous updates and repetitive

communication are eliminated, enhancing communication efficiency and flexibility.
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Comparative Analysis of Resource

Utilization Strategies

In this chapter, we present a comprehensive mathematical analysis centered on resource

utilization in the context of REFT’s variable pruning strategy and the established static

pruning method. Our objective in this investigation is to compare and contrast the re-

source utilization patterns between Variable Pruning, which dynamically adjusts pruning

rates based on runtime conditions, and Static Pruning, where pruning rates remain constant

throughout execution. Understanding how these pruning strategies influence resource us-

age is paramount for optimizing model performance and enhancing system efficiency in a

federated environment.

5.1 Variable and Static Pruning

In the context of federated learning with n clients (c1, c2, ..., cn), each client (ci) possesses

unique hardware capability hci and computation capacity Fci in FLOP. Our analysis centers

on variable pruning versus static pruning’s efficiency in harnessing resources. The pruning

level Pci for a client depends on its hardware, with NPci = N × (1−Pci) total pruned model

parameters, where N is the total number of parameters in the unpruned model. We assume

uniform pruning across layers and connections and a uniform distribution of FLOPs across

21
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pruned and unpruned parameters.

By reducing the number of parameters, we can reduce the training overhead and communi-

cation load. We define the FLOP reduction factor for client ci as FPci = F × (1−Pci). The

accuracy for training the pruned model is denoted as APci . It is worth noting that typically

Aci ≥ APci , where Aci is unpruned model accuracy.

Static pruning (Pstatic) uses Pmin based on least capable hardware (hmin = min(h1, h2, ..., hn)).

All clients, including those with higher hardware capabilities, are then pruned at the level

Pstatic = Pmin, resulting in NPstatic = N × (1 − Pstatic) total number of parameters. Thus,

higher-capability clients with Fci > Fstatic might be underutilized, leading to reduced training

performance. This underutilization results in the following inequality: Aci ≥ APci ≥ APstatic,

where 1 ≥ Pstatic ≥ Pci ≥ 0 We can define the utilization factor for client ci as:

Uci =
Fstatic

Fci

, (5.1)

indicating the ratio of the least performing client’s hardware capacity to the client ci’s hard-

ware capacity. Our variable pruning strategy overcomes this underutilization by identifying

a link between pruning level and FLOP reduction, which can be expressed as:

Pci = 1− Fci

Fλ

(5.2)

Here, Fci signifies client ci’s computational capability (FLOPS), and Fλ is a tradeoff co-

efficient between communication efficiency and accuracy. The choice of Fλ allows the ad-

ministrator (orchestrator of FL) to prioritize either more efficient communication or better

accuracy/performance. Note that if Fci ≥ Fλ, no pruning will be performed for client ci.

For instance, consider 5 clients with FLOP capacities of 10, 20, 40, 60, and 100 GFLOPS.
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Algorithm 1 Variable Pruning
Require: n clients, each client ci ∈ C has computation capacity of Fci FLOPS where
i = 1, .., n , trade-off coefficient Fλ, client model Mci

for each client ci in C do
Fci ← Request client’s estimated FLOPS
Calculate pruning ratio:
Pci ← 1− Fci

Fλ
▷ Eq. 4

Apply L1 Norm pruning and create weight mask:
mci ← L1NormPruner(Mci , Pci)
ModelSpeedup(Mci ,mci) ▷ Model reconfiguration

end for

By setting Fλ to 100 GFLOPS, pruning percentages are: Pc1 = 90%, Pc2 = 80%, Pc3 =

60%, Pc4 = 40%, and Pc5 = 0% (no pruning). This choice reflects the administrator’s

preference for communication efficiency over performance. Alternatively, opting for Fλ = 50

GFLOPS, clients c1, c2, and c3 are pruned to 80%, 60%, and 20% respectively, while clients

c4 and c5 remain unpruned. This choice reflects the administrator’s emphasis on accuracy

or performance over communication costs. The variable pruning process utilizing Eq. (5.2)

and the tradeoff coefficient Fλ is described in Algorithm 1
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Experimental Setup

This chapter outlines the comprehensive experimental framework employed in this study

to evaluate the proposed REFT approach. In this chapter, we delve into the specifics of

the datasets, models, baselines, and evaluation metrics that constitute the foundation of

our research. Furthermore, we address the critical aspects of resource-efficient training,

communication bandwidth, and implementation details that play a pivotal role in shaping

the outcomes of our experimentation. The systematic presentation of our experimental setup

serves to provide a clear roadmap for understanding the subsequent analysis and results,

ultimately contributing to the comprehensive exploration of federated learning in resource-

constrained environments.

6.1 Dataset and Models

We evaluate our proposed approach on image classification tasks using the CIFAR10 and CI-

FAR100 datasets [22]. While our experiments were exclusively conducted on these datasets,

it is worth noting that our approach exhibits versatility and can potentially be adapted to

accommodate different datasets, including but not limited to large-scale datasets like Ima-

geNet, provided that the prerequisites outlined in Section 4.2 regarding the private and public

dataset conditions are met. We construct private datasets for local training by leveraging

heterogeneous data splits generated by a Dirichlet distribution, as suggested in previous

24
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α = 0.1 α = 1.0 α = 1000.0

Figure 6.1: Illustration of Dirichlet distribution on data heterogeneity across 20 clients. The
dot size indicates the number of samples per class allocated to each client.

works [17, 57]. In this distribution, the parameter α controls the degree of non-IID-ness in

the local datasets. Specifically, a larger α results in more similar data distributions across

clients, whereas a smaller α leads to higher diversity. As shown in Figure 6.1, we visualize

different α values to demonstrate the effect of data heterogeneity on 20 clients.

In line with established research practices and to facilitate rigorous comparisons with prior

work, we have meticulously adhered to the experimental framework outlined in FedKD [9]. In

scenarios where CIFAR10 serves as the private dataset, CIFAR100, a well-established public

dataset, has been judiciously employed for the purposes of knowledge distillation. This

configuration allows us to conduct a comprehensive evaluation of our proposed framework,

with a primary focus on meticulously assessing test accuracy and bandwidth consumption

and benchmarking it against established baselines.

In line with the principle of reproducibility and to ensure continuity with previous studies,

we have opted to employ the ResNet-8 and VGG-16 model architectures. These architec-

tural choices have been made in alignment with the specifications delineated in prior works,

most notably FedKD [9] and FL-PQSU [53]. This consistent selection of model architec-

tures ensures that our experiments are conducted under conditions that enable meaningful

comparisons and evaluations.
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Furthermore, to provide empirical evidence regarding the robustness and real-world appli-

cability of our approach, we have extended our experiments to encompass non-IID data

settings. In these experiments, we thoughtfully constructed training datasets for individual

clients, each characterized by a value of α set to 1.0. This empirical approach allows us

to explore the performance of our framework under conditions that more closely mirror the

complexity of real-world data distributions in federated learning scenarios.

6.2 Baselines

In the scope of this study, our primary objective is to enhance the efficiency of resource

utilization within resource-constrained environments while maintaining performance levels

comparable to existing standards and minimizing communication bandwidth requirements.

To achieve this objective with precision, we have consciously excluded the comparison with

personalized federated learning methods such as Per-FedAvg [4] and q-FedAvg [28], which

are tailored to adapt to the local data distributions unique to individual clients.

In our pursuit of assessing the effectiveness of our proposed REFT approach, we have under-

taken a meticulous comparative analysis with four salient baseline methods. These methods

encompass (i) FedAvg [31], which embodies the conventional federated learning approach;

(ii) PruneFL [19], a technique that introduces adaptive distributed parameter-based pruning

to reduce training time and energy consumption within the federated learning framework;

(iii) FedKD [9], a method that leverages privacy preservation techniques with an emphasis on

minimal communication; and (iv) FL-PQSU [53], an approach that introduces acceleration

through a combination of pruning, quantization, and selective update technique, effectively

managing both communication and training overhead.



6.3. METRICS 27

6.3 Metrics

In our experiments, we assess model performance through test accuracy, comparing it against

baseline methods. Our primary focus is on resource-efficient training, emphasizing substan-

tial reductions in model size, parameter count, and FLOPs while maintaining negligible

accuracy loss. Additionally, we analyze communication bandwidth, a critical factor in fed-

erated learning that directly impacts training time and costs.

For the non-distillation phase of training, we calculated communication bandwidth using

the approach detailed in [49]. This calculation depends on several factors, including the

parameter size W , the count of participating clients C, the number of communication rounds

R, and the bits B used for parameter and logit representation. This computation is expressed

as:

Bandwidth = C ×R×W × B (6.1)

To gain a finer-grained understanding of bandwidth impact, we compare both downstream

(server-to-client) and upstream (client-to-server) communication costs per client for each

round. In this context, Eq. (6.1) simplifies to Bandwidth = W × B for each communica-

tion. It’s important to note that Eq. (6.1) is not applicable to response-based knowledge

distillation since model parameters W are not transferred during this process. For the dis-

tillation methods, communication bandwidth is calculated as follows:

Bandwidth = L× S × B (6.2)

Here, L represents the logits of each client, and S is the number of distillation steps.
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6.4 Implementation Details

We employed simulations to emulate the training of diverse clients on HPC clusters. To

accomplish this, we gathered estimated FLOPS values for various potential client devices

and integrated these values into our simulation framework. For instance, devices in the

category of Raspberry Pi models 3 and 4, and similar counterparts, were categorized as

weak clients due to their FLOPS capabilities falling within the range of 8 to 40 GFLOPS.

In a similar context, wearable devices, including high-end smartwatches and mobile phones,

were classified as moderate to good clients, exhibiting FLOPS capacities below 150 GFLOPS.

Conversely, devices equipped with high-performance computing units, such as laptops and

desktops featuring dedicated GPUs, were designated as strong clients. It is noteworthy that

our hardware configuration encompassed two 12 GB NVIDIA GRID P40-12Q GPUs and an

Intel(R) Xeon(R) CPU E5-2640 v4 clocked at 2.40GHz.

In the case of ResNet-8, each client model is trained using an SGD optimizer with a momen-

tum parameter of 0.9 and weight decay set to 3× 10−4. We incorporate a Cosine Annealing

scheduler, which gradually reduces the learning rate from 0.0025 to 0.001 over 500 epochs.

A batch size of 16 is used during training.

For the VGG-16 model, we adopt a fixed learning rate of 0.1 without applying weight decay.

The batch size is set to 128, and the optimizer and momentum parameters mirror those used

for ResNet-8. In the context of distillation, we employ a consistent learning rate of 10−3 and

a batch size of 512, utilizing the Adam optimizer.

To ensure a fair and direct comparison, we align our hyperparameters with those established

in the FedKD framework. Thus, we employ an SGD optimizer with a momentum value of

0.9 and a weight decay of 3 × 10−4. Similar to the ResNet-8 setup, we implement a Cosine

Annealing scheduler that gradually reduces the learning rate from 0.0025 to 0.001 over the
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course of 500 epochs. The batch size for this setup is 16.

For distillation, we maintain consistency with FedKD, utilizing a constant learning rate of

10−3 and a batch size of 512, employing the Adam optimizer.
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Results

This chapter presents the outcomes of our evaluation and analysis of the proposed REFT

methodology. Our assessment covers various critical areas that influence the practicality and

performance of the approach. These areas include:

• Resource Utilization: An evaluation of how efficiently our methodology employs avail-

able hardware resources.

• Model Size, Computation, and Inference Time: An exploration of the methodology’s

impact on model characteristics, computational demands, and inference speed.

• Communication Efficiency: An assessment of how well our approach handles data

transfer and communication requirements, particularly in distributed and collaborative

systems.

7.1 Resource Utilization

To demonstrate the effectiveness of our variable pruning strategy in optimizing hardware re-

source utilization, we compared accuracies per client across different pruning strategies (Fig-

ure 7.1). This experiment involved five clients with varying hardware capabilities. Clients

c1 and c2 had limited computational capacity, necessitating a high pruning level (90%) to

30
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Figure 7.1: Comparing client accuracies: static pruning (FL-PQSU and PruneFL) vs. REFT
on VGG-16 model.

accommodate the model. Pruning levels were determined using Eq. (5.2), with Fλ set to 200

GFLOPS. Clients c3 and c4 possessed better hardware capabilities and required 60% and

30% pruning, respectively, for model training. Client c5 had ample hardware resources and

required no pruning.

For comparison, our proposed REFT employs three pruning levels: 30%, 60%, and 90%,

based on client device FLOPs. As seen in Figure 7.2, increasing pruning lowers GPU utiliza-

tion from around 84% to about 65%. Figure 7.3 shows accuracy variations with increased

pruning. Pruning VGG-16 to 90% accelerates training by approximately 48%, reducing

training time. In Figure 7.4, pruning to 90% decreases inference time by roughly 30%.

This accelerates both training and inference, enhancing FL efficiency. Since REFT utilizes

structured pruning, specifically based on the L1 norm (discussed in Section 4.1), to reduce
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Figure 7.2: Effect of pruning on GPU utilization and training time of VGG-16.
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Figure 7.3: Effect of pruning on test accuracy of VGG-16.
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Figure 7.4: Parameter size and inference time reduction with an increase in pruning of VGG-
16 by REFT.

model complexity, it’s noteworthy that the structured pruning approach may result in a

minor decline in accuracy, as illustrated in Figure 7.3. To retain performance, our approach

avoids pruning clients capable of unpruned training. In contrast, approaches like FL-PQSU

prune all clients to the least capable hardware level, not considering individual capacities

and potentially increasing performance loss.

In Figure 7.1, the FL-PQSU method prunes the model for all clients using a level best suited

for clients c1 and c2. While clients c1 and c2 achieve satisfactory model training, the hardware

resources of c3, c4, andc5 are underutilized, resulting in a decline in accuracy. This reduc-

tion in accuracy stems from the model being pruned to a higher level than what is ideally

suited for their hardware, thereby leading to suboptimal overall performance. As a result, we

observe that clients c3, c4, and c5 exhibit higher accuracy when our variable pruning strat-

egy is employed compared to the static pruning methods. This observation underscores the

effectiveness of our approach in tailoring the pruning level to match the specific hardware
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Figure 7.5: Reduction in model size and FLOPs of VGG-16 by REFT.

capabilities of each client. By leveraging the benefits of variable pruning, we achieve higher

accuracy rates and overall improved performance. In addition to the observed improvements

in resource utilization and performance, we observed RAM utilization during our experi-

ments. We found that RAM usage ranged from 3 to 3.3 GB across different client models.

This indicates that the optimal execution of our approach aligns with industry standards,

as even a relatively weak client device like the Raspberry Pi 4, which features up to 8 GB of

RAM, comfortably meets the minimum memory requirement, highlighting the practicality

and accessibility of our proposed approach across a range of hardware configurations.

7.2 Model Size, Computation, and Inference Time

In this section, we delve into an exploration of the impacts of REFT on model size, computa-

tional efficiency, and inference speed (as depicted in Figures 7.4 and 7.5). Our investigations
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illuminate that REFT yields noteworthy reductions in model size, FLOPs, and inference

time, all while incurring negligible losses in accuracy.

We exclude FL-PQSU and PruneFL from the direct computational and inference time com-

parisons. This exclusion is attributed to the characteristics of their pruning methodologies.

Both FL-PQSU and PruneFL induce sparsity in the model through their pruning techniques,

necessitating specialized hardware and software infrastructure for computation and inference

time measurement, as comprehensively discussed in Section 2.2.

For a comprehensive assessment of the impact of REFT on model size and computational

efficiency, we measured the number of model parameters and FLOPs for VGG-16 across

various pruning levels. Figure 7.5 illustrates the reductions achieved by REFT. Our pruning

strategy compresses the model from its original size of 128.4 MB to a mere 1.8 MB, rep-

resenting a reduction of 98.5%. Simultaneously, the FLOPs (computation) decreased from

0.33 GFLOPs to a mere 0.07 GFLOPs.

Moreover, our pruning strategy extends its influence to enhance model speed, chiefly through

a reduction in inference time. Figure 7.4 demonstrates these improvements in inference

time in conjunction with the parameter size reduction. Through REFT, we reduce the

parameter size of VGG-16 from an initial 33.6 million (M) parameters to a mere 0.47 million

parameters, marking a reduction of approximately 98.3%. Correspondingly, the inference

time experiences a noteworthy reduction, plummeting from 4.17 milliseconds per sample to

a streamlined 2.94 milliseconds per sample, all across a sample size of 1000.

These results underscore the compelling advantages of REFT in reducing model complexity

and computational demands while concurrently enhancing resource utilization—a testament

to the practicality and potential of our pruning strategy in resource-constrained environ-

ments.
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7.3 Communication Efficiency

In this section, we conduct a comprehensive evaluation of REFT’s communication efficiency,

leveraging the ResNet-8 and VGG-16 models as benchmarks for our analysis. The results,

summarized in Table 7.1, provide insights into both total communication bandwidth and test

accuracy, facilitating a thorough assessment of REFT’s performance relative to the baseline

methods.

Notably, REFT achieves the lowest total communication bandwidth while maintaining com-

parable or superior accuracy compared to the baselines. Due to the variable pruning em-

ployed by REFT, we present accuracy and bandwidth as a range, reflecting the diversity

of pruned clients and associated ratios. This range spans various scenarios, accommodat-

ing highly resource-constrained clients (requiring up to 90% pruning) to those with more

abundant resources (needing as little as 30% pruning). This variability underscores REFT’s

adeptness at striking an optimal balance between model accuracy and bandwidth efficiency,

catering effectively to the demands of diverse federated learning environments.

For both FedKD and REFT, the knowledge distillation process incurs minimal communi-

cation costs as it involves only 200 distillation steps. In contrast, FedAvg, FL-PQSU, and

PruneFL require a significantly greater number of communication rounds (ranging from 900

to 1000 for ResNet-8 and approximately 500 for VGG-16) to complete the federated learning

training. Moreover, given the dataset that we are using, the cost associated with transferring

logits is considerably less than that associated with transferring model weights. Therefore,

the total bandwidth of REFT and FedKD is far less than the other baselines. Since PruneFL

conducts iterative pruning and reconfiguration at fixed intervals, the pruning ratio is not

constant throughout the training process. To simplify this for analysis and comparison, we

consider its final pruning ratio. Consequently, we provide approximate values for bandwidth
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Bandwidth
Model Method Pruning Ratio (%) Accuracy (%)

Downstream Upstream Total

FedAvg - 68.3 37.63 MB 37.63 MB 73.5 GB

30% 73.7 37.63 MB 4.7 MB 164 GB

60% 71.9 37.63 MB 4.7 MB 164 GBFL-PQSU

90% 70.3 37.63 MB 4.7 MB 164 GB

PruneFL Adaptive (∼60%) 76.2 ∼20.8 MB ∼20.8 MB ∼36.6 GB

FedKD - 81.5 37.63 MB 4.92 MB 42.55 MB

ResNet-8

REFT Variable (30-90%) 80.8 - 81.7 3.65 - 25.74 MB 7.81 MB 11.46 - 33.5 MB

FedAvg - 59.3 256.6 MB 256.6 MB 200 GB

30% 74.5 256.6 MB 32 MB 140.1 GB

60% 73.1 256.6 MB 32 MB 140.1 GBFL-PQSU

90% 71.3 256.6 MB 32 MB 140.1 GB

PruneFL Adaptive (∼60%) 78.9 ∼102 MB ∼102 MB ∼93.6 GB

FedKD - 79.3 256.6 MB 4.92 MB 261.5 MB

VGG-16

REFT Variable (30-90%) 77.6 - 80.8 3.6 - 126.8 MB 7.81 MB 11.4 - 134.6 MB

Table 7.1: Comparison of accuracy (central) and communication efficiency on RestNet-8 and
VGG-16 models with 20 clients (C = 20). The table presents the downstream and upstream
communication costs per client for each round, excluding FedKD and REFT. The total
column represents the total bandwidth cost for a client to complete the federated learning
training.
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Figure 7.6: Comparision of accuracies at the server after completion of FL training.

to enhance clarity and simplify the comparison process.

FL-PQSU stands out in terms of upstream cost reduction among weight-sharing methods like

FedAvg and PruneFL. This advantage can be attributed to its utilization of INT8 quantiza-

tion during client-server communication. As elaborated in Section 2.2, FL-PQSU maintains

consistent total bandwidth usage across various pruning levels, primarily because it avoids

the need for post-pruning model weight reconfiguration. Consequently, this approach leads

to the emergence of sparse weight tensors and a model architecture that remains unaltered.

As a result, the actual model size and computational requirements experienced no meaningful

change.

Table 7.1 highlights our method’s superior downstream communication efficiency for both

ResNet-8 and VGG-16 models, outperforming other pruning-based techniques like FL-PQSU

and PruneFL. These methods anticipate sparse matrix support in future hardware and soft-
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ware developments, but such resources are not yet available. As a result, they encounter prac-

tical constraints, particularly PruneFL, which relies heavily on sparse matrices. In contrast,

REFT adopts structured pruning, yielding hardware-friendly weight matrices that undergo

size reduction through shape reconfiguration. This strategy significantly reduces parameter

size and enhances latency. Furthermore, REFT and FedKD exhibit lower bandwidth needs

than other baselines, leveraging one-shot distillation. Remarkably, FedKD employs quan-

tization before transmitting logits to the server, further curbing upstream communication

costs.

The accuracies presented in Table 7.1 are graphically visualized in Figure 7.6. It’s worth

noting that these accuracies represent values reported at the server following the completion

of the federated learning training process. The collective findings in this section underscore

REFT’s capability of reducing communication overhead while concurrently preserving model

performance.



Chapter 8

Conclusion and Future Directions

8.1 Conclusion

In this work, we address the challenges of communication efficiency and resource constraints

in federated learning through our proposed approach, REFT. By incorporating variable

pruning and knowledge distillation techniques, we have demonstrated improvements in re-

source utilization, training time, and bandwidth consumption. Our experiments have shown

that REFT outperforms existing baselines in terms of accuracy while significantly reducing

computational and communication overhead. The adaptive nature of our variable pruning

technique allows clients with varying computational capabilities to effectively contribute to

the training process, ensuring better utilization of their resources. Additionally, the one-

way, one-shot knowledge distillation approach on unlabeled public data reduces the need for

iterative and repetitive communications while preserving privacy, further enhancing commu-

nication efficiency and privacy.

8.2 Future Directions

While our work has provided promising results in communication-efficient federated learning,

there are several avenues for future exploration and enhancement. One potential direction is

the incorporation of quantization techniques to further reduce upstream bandwidth commu-

40
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nication. Quantization can help compress the transmitted gradients or model updates into

low-precision representations, effectively reducing the amount of data exchanged between

clients and the server. By exploring the application of quantization methods in conjunction

with our variable pruning and knowledge distillation techniques, we can achieve even greater

improvements in communication efficiency without compromising model performance.
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