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Abstract

The federated self-supervised framework is a distributed machine learning
method that combines federated learning and self-supervised learning, which
can effectively solve the problem of traditional federated learning being difficult
to process large-scale unlabeled data. The existing federated self-supervision
framework has problems with low communication efficiency and high com-
munication delay between clients and central servers. Therefore, we added
edge servers to the federated self-supervision framework to reduce the pres-
sure on the central server caused by frequent communication between both
ends. A communication compression scheme using gradient quantization
and sparsification was proposed to optimize the communication of the entire
framework, and the algorithm of the sparse communication compression
module was improved. Experiments have proved that the learning rate changes
of the improved sparse communication compression module are smoother
and more stable. Our communication compression scheme effectively re-
duced the overall communication overhead.

Keywords

Communication Optimization, Federated Self-Supervision, Sparsification,
Gradient Compression, Edge Computing

1. Introduction

In traditional machine learning scenarios, the client needs to transfer local data
to the server for model training. This presents a serious data privacy breach

problem. In addition, a large amount of effective training data is often in the
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hands of people in different fields and industries, and their role cannot be fully
grasped, leading to the phenomenon of data islands. The concept of a federated
learning framework was first proposed in 2015 [1], which can achieve distri-
buted model training using different data scattered on multiple devices while
protecting data privacy, thereby improving data security and privacy. In fede-
rated learning, because there is a large amount of original unlabeled data on the
client side, manual labeling of data requires a huge workload and is very costly.
Supervised learning not only relies on expensive annotations, but also suffers
from problems such as generalization errors, spurious associations, and adver-
sarial attacks [2]. Self-supervised learning (SSL) is an unsupervised learning me-
thod that aims to generate labels or tasks through the structure or characteristics
of the data itself for model training. Self-supervised learning methods can effec-
tively learn high-quality data representations from large amounts of unlabeled
data. Combining the results of the two research fields of self-supervised learning
and federated learning, a generalized federated self-supervised (FedSSL) frame-
work is proposed, which includes existing SSL methods based on Siamese net-
works and provides future adaptation Method flexibility [3].

The use of the federated self-supervision framework not only solves the prob-
lem of sensitive data protection in self-supervised learning, but also solves the
problem that the client needs to process a large amount of original unlabeled
data in federated learning. However, using more available data adds significant
communication solutions and communication costs. Client-side self-supervised
learning can improve model performance, and the processing of unlabeled data
is also the process of labeling by self-supervised learning itself. After many itera-
tions, in the model parameter and gradient upload aggregation stage, the total
data volume is larger than that of traditional federated learning, and the com-
munication overhead is greater. The server needs to communicate with the client
frequently to transmit updated model parameters and gradients, because in the
server aggregation stage, you need to wait for all clients to complete uploading
before aggregating. Due to the current computing and communication capabili-
ties of the client, the learning performance under the training time budget is re-
duced [4]. Moreover, the communication distance between the client and the
central server may be long, resulting in high communication speed delays and
even the risk of communication interruption. Therefore, reducing communica-
tion overhead and improving communication efficiency are the main directions
of federated self-supervision optimization.

In order to solve the problem of low communication efficiency between the
client and the central server, researchers have proposed an edge computing
model. The edge computing model can effectively reduce the communication
pressure of the central server. In terms of data processing, because the edge does
not need to process the data of all clients, it only needs to process the data of
clients within its jurisdiction, so the processing is faster, more immediate, more
accurate, and more intelligent. It can also reduce the energy consumption of the

central server. The cloud-edge architecture that combines cloud servers, edge
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servers, and terminal devices has been used in the field of artificial intelligence

[5]. Existing research shows that deploying computing closer to the client can

reduce computing load [6]. Researchers discussed the computing optimization

issues caused by adding edge computing to the original federated learning sys-

tem. It is necessary to optimize communication [7].

To address the problem of excessive communication overhead in traditional
federated learning, researchers proposed to reduce the total amount of uploaded
data, reduce the number of federated learning communication rounds, and use
sparse methods or quantification methods to reduce communication overhead.
Sparsification only transmits gradient coordinates that are large enough, and
abandons transmitting other gradient coordinates that do not meet the filtering
requirements. Although deleting large amounts of gradient data may intuitively
affect model accuracy, empirically, even reducing gradients by 99% can achieve
the desired accuracy [8]. For example, by extending the Sparse Ternary Com-
pression (STC) framework of the existing top-k gradient dilution compression
technology to specifically meet the needs of the federated learning environment
[9], the sparse gradient can still bring good model accuracy, but deterministic
sparsification. The solution still lacks performance analysis guarantees. Quanti-
zation aims to compress gradients and reduce the number of bits in a single
communication by limiting the number of bits representing floating point num-
bers during communication, and has been successfully applied to several engi-
neering tasks using wireless sensor networks [10]. In the context of distributed
machine learning, a 1-bit binary quantization method [11] and a multi-bit quan-
tization scheme [12] have been applied.

Existing research directions on federated self-supervised learning mostly focus
on optimizing data processing on the client [13] and improving model aggrega-
tion effects [14], while less on communication optimization of the federated
self-supervised framework.

In conclusion, In order to reduce the communication overhead of the fede-
rated self-supervision framework, we combined the communication compres-
sion methods of edge computing and traditional federated learning to build a
new federated self-supervision communication optimization framework.

The key contributions of this research’s work are as follows:

* Introduce the concept of edge computing into the federal self-supervision
framework, and solve the problem of low communication efficiency and high
communication delay between clients and central servers by adding edge
servers.

* Use the sparse gradient compression module to reduce the communication
overhead when uploading client model parameters and gradients, and im-
prove the adaptive learning rate optimization algorithm (Adam algorithm) in
the sparse communication compression module to make the learning rate
more stable.

e Use Quantization compression methods to reduce the communication over-

head when downloading the model on the server side and further reduce the
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total communication overhead.

2. Methodsand Model
2.1. System Model

The framework process is as follows:

* [Initialize the central server-side model parameters W, (encoder Wg0 and
predictor W,”), and send the initialized original parameters to each edge
server.

* The edge server delivers the initial parameters to each subordinate client.

* Use Algorithm 2.3 - 2.5 to process the upload parameters. Model parameters
and gradient compression during upload.

* The edge server aggregates and quantitatively sends it to the client, and ac-
cumulates gradients.

» After several rounds of intermediate aggregation, it is uploaded to the central
server.

* Average gradient quantification obtained by adding the sparse tensors up-
loaded by the edge server to the central server.

* Download the model to the edge server.

* Loop iteration.

Figure 1 shows the entire edge-system component of the federal self-supervision

framework.

2.2. Gradient Sparsification and Top-k Gradient Selection

In an edge computing environment, the client relies on local data for
self-supervised learning to train the model. The model parameters and gradients
of the local model are sparse and then uploaded to the edge server, which can al-
leviate communication bandwidth pressure [15]. During the gradient sparsifica-
tion process, we set Top-k as the sparsification method filter and set a gradient
threshold K. Only the gradients whose size reaches K can be aggregated. If not,
gradient accumulation is performed locally iteratively, and iterations are re-
peated until The K value is reached in a certain round.

Let F (W) be the total loss function, f (X,W) represents the loss of sample
x, N clients, the minimum batch processing b of nodes, during the gradient ac-

cumulation process

(W)= f () 0
szwt—/lii > Vi(xw) 2)
Nb k=1 xe®x,r+0

A represents the learning rate, yis the data set, wrepresents the weight of the
network, @ K, t+ o represents the sequence of total size Nb from the data set y
during training.

W, is the weight at the 7-th position, then the weight after the 7'round is

DOI: 10.4236/jcc.2024.125010

143 Journal of Computer and Communications


https://doi.org/10.4236/jcc.2024.125010

Y. F. Ding

Central Server

Quantization
Compression

T T

| online network ‘ online network ’ online networ‘k_‘ { online network
| target network ‘ [ target network ’ target network' . target network .

Figure 1. Federated self supervised communication compression model using edge com-
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From formula (3), we can see that the batch processing of the gradient accu-
mulation process increases from Nb to NDT, where T is the gradient The
length of the sparse update interval for wi iterations.

Sparse updates will slowly affect the convergence of the model [16]. In a gra-
dient sparse scenario, the momentum method is used for momentum correction,

and the gradient is updated as follows:

1
ay, za""'1+N_b > vE(xw)

Xedk ,t
M
r=mr_+> spa(a,) (4)
k=1
Wiy =W, —al;

m represents momentum, a,, represents the gradient accumulation of train-
ing edge node k& When the gradient value accumulation value reaches X, sparse
uploading, the weight w, after the sparse update interval T is

Wi = Wi _A(VL,HT "'+V:<,t+1 +v:<,t) (5)

Momentum-corrected gradients stabilize the size of the gradient sparse update
interval T . The local accumulated gradient a,, replaces the real gradient V, ,
and the accumulated gradient value a,, after vector correction is subsequently
used for gradient sparseness. The formula of (4) be:

Ay = 8 ea Tl
1

Mo =hat—— 2 VE(x,w) (6)
Nb xedk t
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N
W, =W +4) spa(a,,)

k=1

2.3. Bias Correction for Adam-AvgS

The Adam (Adaptive Moment Estimation) [17] algorithm is a method with
adaptive learning rate characteristics. This algorithm combines the AdaGrad al-
gorithm and the RMSProp algorithm to solve the problem of sparse gradient op-
timization while providing a method to reduce noise. But there is still the prob-
lem of poor convergence effect. Small batch correction may not be a problem,
but when optimizing a large number of gradients, large learning rate interfe-
rence may occur. Sparsifying gradients results in a large number of gradient ite-
rations.

In order to smoothly perform sparse bias correction, during the process of op-
timizing sparse model parameter compression, we improved the Adam algo-
rithm to better adapt to the characteristics of sparse gradients. We subtract the
gradient and momentum values to more accurately reflect the change in gra-
dient. In the Adam algorithm, the first-order momentum 1, helps to smooth the
fluctuations of the gradient, while the second-order momentum v; is used to
adaptively adjust the learning rate. In order to strengthen the connection be-
tween the two gradient parameters, we relocate the second-order momentum of
this round so that the update of the second-order momentum is related to the
parameters of the previous gradient. Such a design facilitates smoother conver-
gence and reduces fluctuations during training.

In addition, in order to further improve the stability of the training process,
we further limit the learning rate of adaptive learning. We calculated the sum of
previous dynamic learning rates and found their average. By limiting the fluctu-
ation range of the learning rate, we can better control the training process of the
model and obtain more stable and reliable training results.

Adam-AvgS algorithm flow is as follows:

* Input: initial parameter 6,, exponential decay rate f,, B, < [0, 1], nis
the number of learning rates participating in the mean, sum is the synthesis
of previous learning rates, initial learning rate @ =0.001. ¢ =107

* Output: Update parameter 6, .

+ Initialization: Random objective function f(6).

o Gy,my <« 0,v, < 0,t«0,n¢1.

* while 6, Not converged.

o tet+l

« 0, < V,f(6.,) (Update gradient value).

« m <« f-m +(1-4) 9, (Update first moment estimate term).

o Vi« BV, +(1-5)(9,-m)(9,—V,,)+¢ (Update the second-order mo-
ment estimation term, replacing the second-order momentum with the dif-
ference between the gradient and the first-order momentum and the differ-
ence between the gradient and the previous round of second-order momen-

tum).
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s m ‘_1in;31t YA (_1_‘4’3; /A <—0:t/(\/q+g),77t ea‘/(\/zﬁtg) (Correct the

deviation of the first moment, correct the deviation of the second moment
Calculate the current learning rate).
e sum, <—sum_, +7,S, < sum,/n (Learning rate summation and averaging).
* Update parameters.
Figure 2 shows that: After using Adam-AvgS for learning rate smoothing, the
learning rate change trend is more stable than before using the algorithm.

2.4. Quantitative Compression of Downloaded Model Parameters

Previous research has shown that there is too much repeated information in the
gradient, and the model training can still be completed even if the gradient is
sparsely reduced to one percent of the original, so a 99% sparsification rate will
be used below. Although sparsification reduces a lot of communication over-
head, the average gradient information uploaded is important information after
compression. Compared with the one percent communication cost when up-
loading, there will be a communication cost several times higher when down-
loading than when uploading.

The gradient average aggregation with a sparsification rate of 99 will continue
to reduce the sparsity rate as the number of nodes increases, which means more
communication overhead is added (Table 1).

The weight quantification formula from 32-bit floating point type (FP32) to
8-bit integer type (INT8) is as follows:

Wt
W, ={Zq + X J (7)

sf

After receiving the quantized weight, the server can restore the 8-bit integer
(INTS) to the 32-bit floating point (FP32) through the following formula:

W =Xy (W -Z,) (8)

3. Experimental Design and Results

Implementing FedSSL in Python using the deep learning framework PyTorch
We use ResNet-18 as the default network for the encoder. The predictor is a
two-layer multilayer perceptron (MLP). By default, this article trains R = 100
epochs, K =5 clients, E = 5 local epochs, batch size B = 128, and initial learning
rate 7= 0.032.

In order to determine the value of the optimal coefficient in gradient com-
pression, this article uses 80% of the CIFAR-10 and CIFAR-100 data sets for

training and 20% for random testing.

3.1. Model Accuracy

The overall accuracy can be slightly improved under the edge computing

framework, but the convergence and improvement are faster on CIFAR-100.
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Adaptive learning rate
fluctuations

= pefore smoothing = After smoothing
Figure 2. Adam-AvgS fluctuation of learning rate after smoothing.

Table 1. Additional communication overhead caused by gradient aggregation.

Sparsification Communication Overhead
Rate Average Sparsification Rate Node Download Cost
99 98.01 2 2x
99 96.05 4 4x
99 92.27 8 7.7xX
99 85.14 16 15x

This may be because the CIFAR-100 data set is more complex than CIFAR-10
and requires higher computing costs. And edge servers speed up convergence.

Figure 3 and Figure 4 shows that Compared with the existing federated self-
supervision framework (FedBYOL), the new federated self-supervision frame-
work (New FedBYOL), which adds edge servers and uses various communica-
tion compression modules, has higher model accuracy and smoother perfor-
mance in different data sets (Figure 3 CIFARI0, Figure 4 CIFAR100).

3.2. Total Number of Bits

New federated self-supervision-edge computing framework can effectively re-
duce total communication bits.

Figure 5 shows compared with the existing federated self-supervision frame-
work (FedBYOL), the new federated self-supervision framework (New FedBYOL)
that adds edge servers and uses various communication compression modules
can reduce the total number of communication bits and has been verified in dif-

ferent data sets.

4. Conclusion and Outlook

In the federated self-supervision framework, adding edge servers can improve
the convergence speed of models on complex data sets and reduce the pressure

on central servers. The sparse parameter upload compression method and
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Figure 3. Accuracy of federal self supervised edge computing framework
model CIFARIO.
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Figure 4. Accuracy of federal self supervised edge computing framework
model CIFAR100.
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Figure 5. Comparison of communication overhead of federally self supervised
edge computing framework under different data sets.
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download dynamic quantization compression method reduce the number of bits
in a single communication and effectively reduce the total communication
overhead. It can be seen that the edge communication optimization of the
Edge-federated self-supervised framework is feasible. As more edge computing
frameworks are used, improvements to compression algorithms will be a better

way to optimize the system.
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