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Abstract  This paper proposes an optimization strategy for performing Federated Learning
between devices and edge clouds using WebAssembly (WASM). The proposed strategy aims to
maximize efficiency by conducting partial training on devices and the remaining training on
edge clouds. Specifically, it mathematically describes and evaluates methods to optimize data
transfer between GPU memory segments and the overlapping of computational tasks to reduce
overall training time and improve GPU utilization. Through various experimental scenarios, we
confirmed that asynchronous data transfer and task overlap significantly reduce training time,
enhance GPU utilization, and improve model accuracy. In scenarios where all optimization
techniques were applied, training time was reduced by 47%, GPU utilization improved to
91.2%, and model accuracy increased to 89.5%. These results demonstrate that asynchronous
data transfer and task overlap effectively reduce GPU idle time and alleviate bottlenecks. This
study is expected to contribute to the performance optimization of Federated Learning systems
in the future.
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Table 1. Technical Research Using WASM

Optimizing Game Engine Performance

Game Engine with WASM

Optimization | Cross—Platform Game Development
with WASM

Deploying Machine Learning Models
with WASM

Machine Lear

ning Model DLightweight Machine Learning Inferen
eployment ;
Blockchai Optimizing Smart Contracts with
ockehain WebAssembly
Technology

Blockchain WebAssembly Runtime
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H 2. Federated Learning Process
Table 2. Federated Learning Process

The central server initializes the
Initialization |global model and distributes it to all

devices
Each device trains the model on its

Local Traininglocal data and updates the model

arameters
Devices send their updated model

parameters to the central server,
hich aggregates them to update

Transmission
and
Aggregation
This process is repeated multiple

times to improve the global model's
arformance

Iteration
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Table 3. Advantages and Disadvantages of Federated
Learning

Data Privac| Since local data remains on the
y Protection|devices, data privacy is preserved
Reduced C| model parameters are transmitte
Advan{ommunicati d,
tages| on Costs saving network bandwidth
Multiple devices can train models
Scalability | in parallel, making it suitable for
large—scale data training
Devices have limited computation

Limited L
. al power and memory, making it
Device challenging to train complex mod
Resource ging | P
Disad s

There can be delays in communic
ation between devices and the se
rver
If the data distribution across devi
ces is uneven, it can lead to bias
ed model training

vanta|Communica
ges |tion Delays

Data
Imbalance
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Table 4. CUDA asynchronous and computation overlap
code

Line Code

cudaMemcpyAsync(dst, src, size,

cudaMemcpyHostToDevice, stream):
matrixMultiplicationKernel{{{grid, block, 0,

stream))(aras);
softmaxKernel{{{grid, block, 0,

streamdM(args):

1

2

3
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Table 5. CUDA unified virtual memory code

Line Code

1 |cudaMallocManaged(&data, size);

2 |matrixMultiplicationKernel{{{grid, block)»)(data);

3 [softmaxKernel{{{grid, block)))(data);

N

cudaDeviceSynchronize();
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H 6. Federated Learning Workflow
Table 6. Federated Learning Workflow

Local Each device ¢ updates its local model

Training 0, using its own local dataset [,

Model Tran| Each device transmits its local model

smission 0, to the edge cloud
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Table 7. Performance Evaluation Scenarios

Scenario 1 All training performed on devices

Global | The edge cloud aggregates the model
Model parameters received from each device
Aggregation to update the global model 6

Global
MgdZI The updated global model 6 is then di

stributed back to each device.

Distribution
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Partial training on devices, remaining
training on edge cloud
Training with asynchronous data transfe
r and computation overlap
Softmax operation optimization on

Scenario 2

Scenario 3

Scenario 4 .
devices
Scenario 5 Matrix multiplication optimization on
edge cloud
Scenario 6 All optimizations applied
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Table 8. Performance Evaluation Results1

Scenario fme rt10 B ..GP.U Model
(Sec) Utilization(%)| Accuracy(%)
Scenario 1 1032.45 61.3 85.2
Scenario 2| 842.12 71.8 87.1
Scenario 3 623.98 84.7 88.3
Scenario 4 762.34 75.1 86.4
Scenario 5 645.87 79.6 87.8
Scenario 6 547.61 91.2 89.5
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Table 9. Performance Evaluation Results2

Seenario Datra .;:23](6 ’\B/Ic;tttrls(neck Analysis

Multinlication| _S°TMaX
Scenario 1 N/A 403.45 629.87
Scenario 2 52.76 301.23 505.12
Scenario 3 32.15 251.67 372.31
Scenario 4 41.89 351.89 416.45
Scenario 5 37.54 304.76 358.98
Scenario 6 27.83 202.54 305.78

dlole] AL A7ho] ZAHA e Altele
12 AOlBHL, U Shg X SRl St
Ae1e. 2014 glo

57] dloje) A4 A& Atele 3014% HolH




WASME &&3&t

AJZEol A 43t ol dloly A5 A
Alo] WAZ sslo] A% AlZto] Ty o]
t} AnEWA Al i 20 HH5E Az A
B3 AUElQ. 49 SIHE dlolE A Alzlo] 7
Stoich BE HH3t Me A8 Ao el
slolel A% Azko] 71 B Lebet.

qu}owﬂ A agor Auele. 1014
oA HE FA}

%11 %E}otoﬂfﬂ T

O

E‘Fﬂ-a

o2t
e 0
of 4

£ T
i)

O 1r
_L
>.,
1:
m
E:

U
)

o
>,
v
A
to
[\)
=2
>
rir

offt rSt

I
N

=

>

q =

e B
L o
5 i o
i)

>
S W
W=
)

1 o

S 719] Federated Learning—% ’\533}—“:— B
o} ke ARbSkT AlRbE =R
Hfo| 2o =35tal, LpHA] ok ﬁx] %E}—?—E I
A oA aadS SHotle AS SE2 St
k. 53], GPU "&2] A1HE 7t Hlojg o5}
At 2ol SHE HAsIsto] JA sk AR &
0|1 GPU AREES A= S okdez 4
ol Bt 445 ¥7t 2, vls7] dloly A
S it S-S S HlolE dS= 7IdEle GPU

l:'lE

R AREE 2D 5 S et B, ol
H=st ke B3 wd sy w7t FgElen,
AR sk Alzko] A Fastch B3, AR Fae

Sl F7H49) Sk SuRoEA Bdol A5 4
STk GEglon, otk ufol oA 44
d YolHg AAHOR BEY 5 Uk FsHe B
ofzc}. £3), dlolg] Hﬁ@ 2R st 9l =
2 doleg 3 Aulo] Agstel dold FFE ¥

Z22tRE 7|8t Federated Learning?l X3}

Hfof

oL

219

=1

Ex s gl 7lofsisiy. B Al
7+ dloje] A2, AvtE WEe] @ AntE 9] oA
712 Elole] Ao} oA SehPTolA] gt A
3} dzo] Wast BHoIMH EIHoR Hed & 9l
A2Ele] Bebde 745
dlog
Mergho 24,

R

g

o] el

O PFederated Learning
o17] Y3 WASMS] AME8kA 314 286
9 rd 29 Wxsh= S
OFA%t Federated Learning &7
Zo|t}.

(o)
& 9

¥ 4
tlo _L{o

REFERENCES

[1] Lin, C., Wang, J., & Zhang, L.,
Game Engine Performance
WebAssembly”, Journal of
Development, 15(3), 123-135, 2021.

Smith, A., Lee, J., & Kim,
“Cross-Platform Game Development
WASM”, International Journal of Computer
Games Technology, 19(1), 45-59, 2022.

Patel, R., Gupta, S., & Sharma, A,

‘Deploying Machine Learning Models with
WASM®,  [EEE  Transactions Neural
Networks and Learning Systems, 32(7),
3011-3022. 2021.
Chen, M., Liu, Y., & Wang, Y., “Lightweight
Machine Learning Inference with
WebAssembly”, ACM Transactions on Web,
14(2), 28-40, 2020.
Nakamoto, S., T., & Sato, K.,
“‘Optimizing Smart Contracts with
WebAssembly”, Blockchain Research Journal,
7(3), 67-80, 2021.
Li, X., Wang, J., & Zhao, Q., Blockchain
“WebAssembly Runtime:
Portability and Security”,
Transactions on Blockchain
11(1), 150-162, 2022.
Li, T., Sahu, A. K., Talwalkar, A., & Smith,
V., “Federated Challenges,
Methods, and Future Directions”, /EEE Signal
Processing Magazine, 37(3), 50-60, 2020.

Park, S., Lim, J., & Kwon, Y., ‘Federated
Learning with WASM for IoT Devices’,
Sensors, 21(3), 789, 2021.

“‘Optimizing
with
Game

H.,
with

on

Yamada,

Enhancing Smart
IEEE
Technology,

Contract

Learning:



Eo3=2Al 173 Haz

220 sEyeFERsAr

[9] Zhang, X., Wu, Y., Zhao, R., & Zhang, ]J.,
“Secure Federated Learning with
WebAssembly”, Future Generation Computer

Systems, 127, 284-295, 2022.

CESE
3 £ A (Jong-Seok Choi)

* 202349 029 sAdske
A EeHEAD
20199~38A: st
20209~3A): sAhet
LTtERSWISY W
20229~3A: R FHe=
EAE dEoljls BRI}
A

Fasjdl

P Al, Cloud-Native, PaaS, ZFEH|A,
HloE &4

%)
(FAlEo



