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In the study, modifications of well-known federated learning algorithms were developed and
their experimental verification was performed, strategies for reducing the volume of communication
between devices were proposed. The performed modifications are aimed at obtaining a better result of
model training with a smaller number of communications between the device and the server. Thanks to
the obtained model, the speed of convergence is increased while the communication rounds are re-
duced, and strategies for further optimization of federated learning algorithms are proposed.
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Y pobomi onucano mamemamuuny mooens gedepamunozo HAGUAHHL MA NOULYK)Y HEPYXOMUX
MOYOK MemoOOM Npocmoi imepayii ma UKOHAHO OYIHKY egheKmueHoCmi Moougikayii areopummis
Ghedepamusrnozo HaguanHs, CKIAOCHUX 34 OAHOI0 MOOELIIO.

Ipu suxonanni 0ocniodxcents Oyi0 RPOAHANI308AHO ICHYIOUI NIOX00U 00 MEXHON02il (edepa-
MUBHO20 HABYAHHS, OOCNIONHCEHO GI0OMI aneopummu hedepamusHo20 HAGUAHHS, GUIHAYEHO iX PI3HO-
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8UOU WA 6IACMUBOCMI, NPOBEOCHO eKCNEPUMEHMANbHY OYIHKY iX epexmunocmi. Po3podieno moou-
Gixayii icnyiouux aneopummis ghedepamudnoco HAGUAHHS, HANPSIMIEHI HA OMPUMAHHI KPAWO20 pe-
3YAIbMAMy HAGYAHHS MOOELL NPU MEeHULIU KiIbKOCME KOMYHIKAYIU MIdIC NPUCIPOEM MA CePEEPOM, WO €
OOHUM 3 OCHOBHUX HANPAMKIE NOKPAWeHHs HAABHUX aneopummie. Onucano 06i cmpamezii 6 po3pooyi
aneopummie hedepamusHo2o HaA8UAHHA OJisl NOWYKY HEPYXOMUX TMOYOK: nepuia 6a3yemuvcs Ha QiKco-
6aHill KILTbKOCMI IOKATLHUX KPOKi6, a Opyea 6a3yemvcs Ha panoomMizosanux oouucientsx. B 06ox eu-
naoxax memoio cmpamezii € 00MeHCeHHs OOMIHY JTOKATbHO OOYUCTEHUMU NAPAMEMPAMY, WO YACTO €
8Y3bKUM Micyem y pO3NOOINeHUX cmpykmypax. Memow panoomizo8anux KOMYHIKayill € 6Npo8adICceH-
HS 8apIamMuU8HOCMI Ma CMOXACMUYHOCMI 8 npoyec KoMyHikayii ma azpeeayii. L{a eunadxosicmos mo-
JHce CLYIHCUMU KITbKOM @adcaueum yinsam. Hanpuxnad, pandomizoeani KoMyHIKayii Modicyms niosu-
wumu HAOIHICMb ANOPUMMIE (Pedepamu8HO20 HAGUAHHS 68 CYCHAPISAX, KOIU OAHI MIJNC NPUCMPOSMU
PO3ROOINIAIOMBCSL HeIOEHMUYHO.  3A805KU 86€0CHHIO BUNAOKOBOCH MOOENb MOdICE A0ANMYBAMUCI 00
PIBHOMAHIMHUX PO3NOOINIE OAHUX, 3MEHULYIOUU PUSUK NEPEeNniO2OHKU 00 KOHKPEMHUX wabloHie, npu-
CYmHIX 6 okpemux npucmposx. Taxooic panoomizoeani KOMYHIKAYIi MOJCYmMb CRpUsmu 30epedicenuio
KOHiOenyiunocmi, 3anodiearoyu 3106MUCHUKAM PO3NIZHAgamu KOHQDIOeHyiluHy inpopmayio npo
OKpemi NpUCmpoi Ha OCHOBI NEPeOaHUX OHOBILEHD.

byno suxonano excnepumenmanvhy nepegipky po3poonenux moougikayii aneopummise geoe-
PAMUBHO20 HABYUAHHS MANIOMEEPOI’CEHO iX eheKmMUBHICMb.

3ae0saxu ompumaniti. MamemamuyHiil Mooeii 30inbeHa WeUOKiCmb 30IDCHOCMI NpU 3MeH-
uleHHi payHoig 368 513Ky, 3anponoHO8ano cmpamezii 0k n00anbwioi onmumizayii areopummie gede-
PAMUBHO20 HAGUAHHS.

Knrouosi cnoea: gpedepamuene maguanus, Hepyxoma moyka, npocma imepayis, epadieHmHuil
Memoo, onmumizayis, Hepo3mAZYIOUUL Onepamop.

Problem’s formulation

Recently, the transition to distributed computing has become increasingly relevant, as modern
hardware increasingly relies on the parallel integration of many separate units into a single system.
The huge number of mobile phones or smart home devices in the world contain a significant amount
of data received and stored on each of them. These data contain a wealth of potentially useful informa-
tion for their owners, especially if appropriate machine learning models can be trained on the hetero-
geneous data stored in a network of such devices. However, many users are increasingly sensitive to
privacy concerns and prefer that their data never leave their devices. But the only way to share know-
ledge without having all the data in one place is through communication. Typically, mobile phones
exchange data with a remote server, whereby the global model gradually improves and approaches a
steady state that is globally optimal for all users. This is precisely the goal of the federated learning
paradigm. Communication, which can be expensive and slow, is a major bottleneck in this system.
Therefore, it is extremely important to develop new algorithms where the computational and commu-
nication load is balanced. The problem of the impossibility of collecting all data on one device is quite
urgent, therefore the issue of modeling federated learning is relevant.

Analysis of recent research and publications

In the work [3] Grigory Malinovsky, Dmitry Kovalev, Elnur Gasanov, Laurent Condat, Peter
Richtarik "From local SGD to local fixed-point methods for federated learning" 2 main algorithms of
federated machine learning are described. In the first algorithm, a clear sequence of synchronization
moments is specified. In the second algorithm, synchronization occurs with a given probability.

The performed modifications are aimed at obtaining a better result of model training with a
smaller number of communications between the device and the server. Now, this is one of the main
directions for improving existing algorithms. After all, when we have a large number of devices, such
communications significantly slow down the operation of the distributed system.

Formulation of the study purpose

The purpose of the research is the mathematical modeling of federated learning and the search
for fixed points by the method of simple iteration and the evaluation of the effectiveness of modifica-
tions of federated learning algorithms.

To achieve the goal, the following tasks were formulated:
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1) analyze existing approaches related to federated learning technology;

2) research federated learning algorithms, establish their varieties and properties;

3) evaluate the effectiveness of modifications to existing federated learning algorithms based
on the simple iteration method.

Presenting main material

Federated learning aims to create a federated machine learning model based on data located on
different devices [1]. There are two processes in federated learning: model training and model infe-
rence. In the process of training the model, the parties can exchange information, but not all data. The
exchange does not expose any protected private parts of each device's data. A trained model can reside
in a single device or be shared by multiple devices. In inference, the model is applied to new data. In a
broad sense, federated learning is an algorithmic infrastructure (framework) for creating machine
learning models, which can be characterized as follows: a model is a function whose argument is a
data instance (Sample) from some device, and the value of the function is the result (Outcome).

More formally, consider N data stores {E }jil , that wish to train an ML model using their re-

spective datasets {Dl. }Zl . The traditional approach is to collect all data {D }N together on the same

iJi=1
data server and train the model M g, on the server using a centralized dataset. In the traditional ap-

proach, any data owner F, will provide their data to the server D, in such a way that the server and

even other users will have access to it.

Federated learning is a ML process, in which data owners jointly train a model M ., without
collecting all the data {Dl. }Zl . We will also denote vy, and v,.,the performance indicators (for ex-
ample, accuracy, completeness, Fi-measure) of the centralized model M ;,, and the combined model
M .., , respectively.

Let ¢ is a non-negative real number, then the federated learning model M ,,;, has & — loss of
efficiency if |vSUM —Vp| <O .

This inequality expresses the following intuition: if federated learning is used to build aML
model on distributed data stores, the model's performance on future data will be approximately the
same as a model built on pooling all data.A federated learning system may or may not include a cen-
tral coordinating computer depending on the need. With federated learning, there is no need to create a
central database, and any financial institution that participates in federated learning can initiate new
user requests to other institutions within that federation. Other agencies only need to obtain informa-

tion about a person's credit without knowing specific information about the person. This not only pro-
tects user privacy and data integration, but also detects multilateral lending.

Classic machine learning is basically characterized by one iterative process ¥ =x"

There are many such iterative processes in federated training. Each of them takes place on its
own device / node / node with its own local data. Fig. 1 shows this architecture.

In the figure F; is a local operator that specifies a simple iteration on the devicei. If the num-

1
ber of devices is equal to M, then the iterative process of each of them can be described as follows:
X Rl
k+1 k ky
X, U =x; Ay V()i =1,2,.,M.
It is clear from the description of the procedure that each device has its own current solution
x!, its own function f;, its own step ¥, .

In federated learning, the main goal is to obtain an "integral" solution — a solution that would
be suitable for the entire set of data, and not for each individual node. For this, with some frequency,
all nodes exchange their solutions with the master node. The master node averages them, and then
broadcasts the averaged solution to all nodes. That is, after averaging, all nodes receive one current



12 Maremaruune mozemroBanus Ne 1(50) 2024

solution. After receiving, each node goes its own way, stepping at its own pace 7, , in the direction of

its gradient Vf,. This happens until the moment of re-averaging. Important is the fact that only solu-
tions are exchanged, no data is exchanged. Data is stored locally.

}:1 ‘ ‘@‘ ’ ]:.M

Fig. 1. The classical architecture of federated learning

The communication frequency of all nodes with the master node can be set differently. One of
the simplest options is to create a sequence of moments #,, in each of which the nodes will contact the

master. In real life, the sequence can be hourly. For example, the i-th device sends its current resolu-
tion every hour. After sending, with some delay, he receives an averaged solution, from which he con-
tinues his calculation. Another option of communication is that the server has its own counter, which
at a certain moment in time, with probabilityP, sends a signal to all devices to collect their current so-
lutions. In this study, algorithms were developed for both communication options.

Let us consider in detail the option when the averaging occurs in a certain sequence of mo-

ments ¢, . This sequence will be determined by the periodicity H>0:¢, =nH,ne N .
We have a common iteration counter K =0, 1,2,.... At the moment when k € ¢, the averaging

will take place
k 1 < k
X' =—)> x;.
%

After averaging, the next node iteration iwill look like this: x/*' = X" +y,Vf,(x") For further
analysis, let's write down the operator used at each Hsteps:

F=LlSry

here F is the operator responsible for the next iteration of each node; H is the composition of the

1

operator with itself.
During the period H, the moments of connection will look like #, = {H ,2H,3H,...nH } Us-

ing the operator F | the iterative process of all nodes can be presented in the form: X" = F (x "H) .

The given mathematical model is used for modifications of the algorithms developed in the study.

The algorithms proposed in [3] work as follows: at each iteration, an operator 7; is applied to
the node iwith the parameter A. After a certain number of iterations, each of the computing M nodes
transmits its vector to the master node, which calculates their average value and broadcasts it to all
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nodes. Thus, a separate node continues the calculation on the next iteration from the same variable x*.
The algorithms are a generalization of local gradient descent, also known as FedAvg.

In the conducted study, modifications of algorithms 1, 2 were developed in order to reduce the
number of nodes communicating with the master, that is, to reduce the number of communications in
the federated learning system.

The created algorithm 3 is a modification of algorithm 1, which implements cyclic communi-
cation of a random subset of devices with the master node.

The modification is as follows:

1) An additional parameter s is specified, which determines the percentage of all devices
communicating with the master.

2) At each averaging, » nodes are randomly selected and then these » nodes are connected to
the master.

It is expected that thanks to this algorithm, it is possible to significantly save on the number of
connections, without significantly losing the speed of convergence.

Algorithm 3 is shown in Fig. 2.

Algorithm 3 Iuknignmii 38’s130K pPAHIOMHOL T IMHOKIEE TPHCTPOTB 3 master node |

Input: stepsize A > 0, communication times #,,, percent of nodes for communication s
Initialize: start point w! for each node
for £ =1,2,.. do
for:=1,2,.... M do
it k—1et, then
Translate previous step averaging to nodes

'U.‘_f:_l _ m}c—l
end if
wh = (1 — Nwr '+ A F(wk ™)
end for

if &k € ¢, then
Select random r = 106 - M nodes
We connect all r nodes with master
Average selected r nodes values
wt = % Z;\—rl wf

end if

end for

Fig. 2. Algorithm 3

The developed algorithm 4 is a modification of algorithm 2 with the specified transformations
and implements the random connection of a random subset of devices with the master node. Algorithm
4 in pseudocode is shown in Fig. 3.

The resulting modifications aim to reduce the volume of transmitted information, which in
turn will help increase the speed of communication between the server and the device.

The computational experiment conducted in the study consists of testing algorithms on the
same dataset. The goal is that with fewer connections to the master node, the algorithm converges
‘)—C(Hl)ﬂ _)—CnH ‘

In the course of the experiment, logistic regression was used, which is one of the most popular
models for solving classification problems, in this case, the problem of binary classification [11].
Each device has its own error function f{x):

7)== 3 In(1+exp(-ywx )+ Al
n 4

faster. A metric is taken as a convergence estimate ‘
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AlgOI‘lthIn 4 Bunaakobuii 35’130K panoMHOI TTIMHOKAHA TPACTPOIE 3 master node

Input: stepsize A > 0, communication probability p
Initialize: start point w! for each node
for k=1,2,.. do
fori=1,2,..., M do
ift,_y =1 —p then
Translate averaging to nodes

'M-‘_f':_l _ mk—l
end if
wk = (1 — Nwr '+ AFi(wF )
end for

t, — generate random ¢ € [0, 1]

if iz > 1 — p then
Select random r = 105 - M nodes
We connect all » nodes with master
Average selected r nodes values
wk = %‘, Z{EI wk

end if

end for

Fig. 3. Algorithm 4

By structure, this function is the same for all devices. The local dataset consists of observa-
tionsx;. The answers to the observations are y; € {— 1, + 1}. The coefficients inside the regression are
recorded in the vector w. An iterative process takes place on each device:

R —}’Vf(xk) ’
hereyis the step size.

For software implementation, the package«sklearn» [14] was used. Number of nodes are
M=10.The data was taken from the a9a dataset [15], which has 32,000 observations with 123 parame-
ters and is intended for testing binary classification methods.

The effectiveness of algorithms 1 and 2 was studied in [3]. In the conducted research, these al-
gorithms were implemented and run on the a9a dataset, and results consistent with the results of [3]
were obtained.

The cyclic communication with the master node, implemented in algorithm 1, is more stable,
and in the second algorithm, the convergence is more volatile than in the first one due to the random-
ness of the communication with the master node. The results of the study on the convergence of algo-
rithms 1 and 2 are shown in Fig. 4 and 5, respectively.

When reproducing algorithms 1 and 2, the accuracy is already 0.0001 at the thousandth iteration.

These modifications simulate cases in which not all nodes are connected, but only a certain per-
centage of them (a subset). Moreover, the subset is chosen randomly, with return. Thus, two identical
nodes can be present in this set. According to the graph, algorithm 3 of cyclic communication appears to
be stable, with good accuracy, starting from the thousandth iteration we have a difference of less than
0.005. Algorithm 4 with a random link, on the contrary, is volatile. In addition, the accuracy is much
lower, on average the metric is 0.4. The results of checking the convergence of the algorithms are shown
in fig. 6 and 7. In the presented graph of algorithm 3, 80 % of all nodes exchanged with the server. At
this percentage, the accuracy almost did not deteriorate, at the thousandth iteration the accuracy is 0.005.
At the same time, the number of devices sending data to the server decreased by 20 % [16, 17].

Thus, two strategies can be distinguished in the development of federated learning algorithms
for finding fixed points: the first is based on a fixed number of local steps, and the second is based on
randomized calculations. In both cases, the goal of the strategy is to limit the sharing of locally com-
puted parameters, which is often a bottleneck in distributed frameworks. The purpose of randomized
communications is to introduce variability and stochasticity into the process of communication and
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Fig. 7. Convergence of algorithm 4

aggregation. This randomness can serve several important purposes. For example, randomized com-
munications can improve the robustness of federated learning algorithms in scenarios where data is
distributed non-identically (non-I1ID) between devices. By introducing randomness, the model can
adapt to diverse data distributions, reducing the risk of overfitting to specific patterns present in indi-
vidual devices. Randomized communications can also help preserve privacy by preventing attackers
from identifying sensitive information about individual devices based on transmitted updates. Ran-
domness hides the connection between specific updates and the devices that created them, adding a
layer of privacy protection.
Conclusions

The work developed and conducted an experiment in which Algorithm 1 of cyclic communi-
cation with the master node and Algorithm 2 of random communication with the master node were
reproduced, the effectiveness of algorithms 1 and 2 was confirmed. When reproducing these algo-
rithms, the accuracy already at the thousandth iteration is 0.0001.

Modifications of algorithms 1, 2: algorithms 3 and 4 were created, the purpose of which was
to reduce the number of rounds of communication between the master node and devices, without sig-
nificantly losing accuracy.

In further research, it is necessary to additionally analyze the developed algorithms. The ques-
tion of how the behavior of algorithms will change with a rapid increase in the number of nodes re-
quires research. How will the behavior of the algorithms change if you dial nodes without returning?
How will algorithms behave on different datasets?

The proposed approaches can be applied to further improve federated learning algorithms, to
study the effectiveness of algorithms, both with cyclical and random communication, and to design
experiments to confirm the effectiveness of algorithm modifications.
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