Modeling and Simulation ZE#E.51/5#, 2025, 14(5), 829-842 Hans X0
Published Online May 2025 in Hans. https://www.hanspub.org/journal/mos
https://doi.org/10.12677/mo0s.2025.145437

E TR XA BB L 5

wH A
EHETREOEHAE R SRR R, L

Wk H . 20254F4 7270 S ER: 202545 200 &4 HH: 20254F528H

wm B

BRI 2 S PR A 37 5 T T I o i o A it DL R AR AR BRI T O E SRS, REFTAENCR
H 3 R E b S AR AR 7 R BOX Sk,  (EIX 77 5 R BR TR 7058 e SURH U AR T »

M SBE SRR AU X 2 &R FEEFEREURIRRBBRMT . SRR EEE, L&
R T —FhETIE SCROMERIBRN L2 SIESR .. ZERER S & RAEACMASERER G E£REE,

IR SRR AR R B KR . SR H £)RE OSBRI R S AR, RN RIHEAR. &5,

& RTE SCRBRIERES) S T X U R BLEATX LR ST, DRI RGO . SKRERKY, 5RF
B, AOCGRUMBEEEERE LRI T 6.7%E7.7%, FEREHK A EXRMFUERTT20%, #
H T RRERAR RN T AR

Xiid
B, BB, ARARME, MEd

Federated Contrastive Learning Based on
Semantic Similarity

Along Xu
School of Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology,

Shanghai

Received: Apr. 27", 2025; accepted: May 20", 2025; published: May 28, 2025

Abstract

Federated learning faces the dual challenges of data distribution skew and low knowledge accumu-
lation efficiency in heterogeneous data scenarios. Although researchers have proposed methods
such as prototype contrastive learning and knowledge distillation to address these challenges,
these methods fail to fully consider the impact of semantic similarity. As a result, semantically similar
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categories are difficult to distinguish, the quality of global prototypes is suboptimal, and knowledge
accumulation efficiency remains low. To address these issues, this paper proposes a federated con-
trastive learning framework based on semantic similarity. The framework combines prototype sim-
ilarity and data volume to aggregate global prototypes, providing a high-quality foundation for sub-
sequent training. It then utilizes the global semantic association matrix to guide knowledge distil-
lation, efficiently accumulating common knowledge. Finally, it dynamically screens difficult nega-
tive prototypes for contrastive learning using the global semantic association matrix to refine deci-
sion boundaries. Experimental results show that compared with existing algorithms, the proposed
algorithm in this paper improves accuracy by 6.7% to 7.7%, and the recall and F1 values of rare
categories are increased by 20%, thereby enhancing the system'’s generalization performance in
heterogeneous data scenarios.
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Figure 1. Algorithmic framework
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bS] TS AR, WAL R (Hoy ) < \/7(«/7+1/I0g(1/a)) R, (Heo ) WA TR AL, W5

KL(p|7)+log(2m/5)
2m ’

Eiﬁm(HKD)s\/
42.1. EES|EIEFR
GIH 2. BRA A, SRS 8 W] 4 i -

log2
m

Rm(H)SRm(Hcont)+R ( KD|Hcont) (13)

ER :

1) & SHEE T Py () = gy oy » 2o hy M E BT 41K
2) MAZMA%R: R, (H)<R, (Poy (H))+R, (H\Pyy (H)):
3) it A RS R T I, AR BENE flog 2/m .

SIEL 3. XFEL S AR FEdahl o PRI 6 AR GREGE ATL (45 «

R (Heon ) < \/_[\/_Jr llog= J (14)
I

1) & XABAEES: Npara ( ):{C,l Sgiobal [C][C’] >a}
2) J@ik Maurey g ik 51
|Nhard| < C<K + |Og (1/6‘())

N2

log N(0,H oy ) < 2 = 5

(15)

3) /R Dudley #145:
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Table 1. Optimal parameter setting

=1 RESHRE

ZH CIFAR-100 EMNIST
RERM 0.2 0.15
PR HE B A o 0.7 0.6
PRIME A7 J A B 13 1.2
HURALE Ao 0.7 0.7
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FESZIGANTTIT 0, N T HiE HFCD Sk it S50l , ARBFFTE % CIFAR-100 Al EMNIST $iE 4
S AVEFIASE S RO AT 20, RATRE T ASNERNRESHORE, 4R WE 1R,

5.2. EEMREELE

SO S R EIEAE 200 AN ICE NI TS B UG RENERE, RS RIS
BN KRG, 4R WA 2 Pros.

\u*;usagg;z —— Fedavg = FedProto ==—MOON =—HFCD B4 8% — Fedavg = FedProto ==—MOON == HFCD
1 1

0 50 100 150 200 0 50 100 150 200
IR IR
(a) CIFAR-100 (b) EMNIST

Figure 2. Experimental comparison of algorithm precision using different datasets

B 2. TE%EE THE AL

LI HHE L Y], HFCD HELEFE CIFAR-100 ##E 4E A I SR e Lt 38 i) 2 R PR e Al 3 . 723
SHIWI(RT 10 $8), HFCD i 5 SCRAUMA S i 8P S R A, ek 77 e 7 0 P oty (R A T s, LR
%5 0.0232, AH¥T FedAvg 17 0.033 F1 MOON (1] 0.034 737 B T 30.6%FH 31.0%. B Il g4tk
HFCD MM AR 4L K, 7F 50 5 IFE A 3 0.0912, % MOON [ 0.0458 #2717 99.1%. % 100 %81,
HFCD k5 33— B4 T+ & 0.3586, &34k FedProto 71 MOON. %, 7E 200 #3445, HFCD
DL 66.46% A4S FE 50 SMIER, BRI FedProto [ 61.16%32 71 1 8.7%, I&iE 1 HAE K MBI AT 5%
e Az A RE

£ EMNIST ##a4E b, HFCD HEFE 2 S MU “GEsk - R Rtk YIZRVIIGET 30
#), HFCD [IF5FE 0.0262, % FedProto ] 0.0445 {i% 40.9%. X —HJHALR S R IMIE T H AU FE R R AL
T B v o kA L8, B IR T WIUG A R E AR . B IS, HFCD B0 eIl /), 1E 50
100 M), KEFEM 0.0912 BRFHZE 0.3783, H9iHIXA 314.4%. & 150 4¢Hf, HFCD KIREFEIAF] 0.6637, &
ZHE MOON f1] 0.6069. %%, HFCD LA 82.22%[1 k5 FE 6T, BRI E % MOON 1) 79.77%4¢ 7t 1 3.1%.

HFCD HEZZiiE 5 H A3 AL H], 76 CIFAR-100 AT EMNIST Hdf 4 I A HS I 25 92 56 b 357 e B 1 68
PERE . FLAET @ 5 SOMI U 58 A5 B LR A0 I B9 4% R 43 A, 75 HR Sl I S b2 > Rl 28 1 o R A Ak
P ORPEREAR S, HAE 5 38 PR 7 S 78 11 0 o SE TR P M, 6 205 e 1 BB 2 S0 o (04 S RN 2
FITRIE A, Ry S A B PR 5T T 1 v BB ST 3R TR AR Ty R
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WEANE S EER . FRATEE CIFAR-100 #dfa 4R g8 = i K 3 5t (Dirichlet 73 i 24 o= 0.01), XfLLA
FHHAE IV EREE S, SR WE 2 iR,
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o L e e 1 ;
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1= 2-Precision, - Recall,
°  Precision, +Recall,
. TP TP,
Precision, = ¢ —, Recall, =——=—
TP, +FP, TP, +FN,

TPe: FLSERAIN ¢ HIMIERAFEA S, FPe: FHSLSRAIAE ¢ (BPER TN ¢ MRS FNe: HS¢
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M. AE N
1
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> Recall,

¢€Crare
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Table 2. Ablation study analysis (CIFAR-100)
= 2. JHRLSCIE 2 #7(CIFAR-100)

ST E 4= JRHERR R (%) Wesige ik ERE R FL (%) WA [ #(%)
FedAvg (Jt4k) 59.7 96 51.2 38.7
HFCD 66.4 116 71.2 59.4
BRI + W3] 63.4 134 64.2 51.7
RRLFESR G + HIR A 60.3 148 58.7 44.3
XPEEES] + FRARZER 62.1 144 60.1 46.9

5.3.3. JHEASCIE o4

NIGAE HFCD AEZE XKL SR B SR A (A) s SR BT b2 27 (B) -5 ARABL I S R 75 1R (C) 1 2 B K W R 2%
L, AT AR BRSL A S B R AR AT -5 A s P 6T L = TR 43 A

AT VERIER B, B ATHO M BRI T BA A TTHR . S, BN R AR Al A R E S
FRAMERCE I RIVER, ARG 425 SR B A % 7 i At SR R AR . ldn, XFLUIRE “XFLb#
3+ FRZEWB + C)” 5Lk FedAvg, 5| AXUKLE R GG & RUERRIET 2.4% (62.1%—59.7%), H
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Oy 5 R R A2 AL A 0.89 FEZE 0.72. HVk, JRAUN b ST 4 i ORI ik
FEHRIE TR A - IR ), BB ANR 2 RARHE, T ETRIESON FL (T 12.5% (58.7%—~
71.2%) . EAL, AU AR ZE TR KL SR 5542 R 5 A SOCIRAR B, SR AR A% Ge 28 TR S R 45
IR, WA [F4E Tt 7.7% (51.7%—>59.4%)
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