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Abstract With the rapid development of technology, the number of network edge devices with the
capability of computation and memory is increasing, and the volume of the generated data is growing
exponentially, which makes it difficult for a centralized processing model with cloud computing as the
core to efficiently process data generated by edge devices. Not only will the network delay increase,
but the data is likely to be leaked on the upload link, and data security cannot be guaranteed. In
addition, due to the diversity of edge devices and the continuous enrichment of data representation
methods, multi-modal data exists widely. The processing of multi-source heterogeneous data collected
by different edge devices has become an urgent problem in big data research. In order to make full use
of heterogeneous data on edge devices and solve the problem of “data communication barriers” caused
by data privacy in edge computing, in this paper we propose a novel fusion algorithm for multi-source
heterogeneous data based on Tucker decomposition in federated learning. For the fusion problem of
heterogeneous data without interaction in federated learning, the proposed algorithm introduces
Tucker decomposition theory to capture the multi-dimensional characteristics of heterogeneous data by
constructing a high-order tensor. Finally, the effectiveness of this algorithm is verified on the MOSI

dataset.
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Fig. 1 The system model for federated learning
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Fig. 2 The overview of the proposed algorithm

B2 S BAAE A

2.3 FHEHRIGIT
2.3.1  RRIE4R UL

AR SCABR B o A 3L ) S5 A 58l 4 A1) SR L A
N SCAS UM A R A 2 TR e, A 1 AR AN [R) A5 285 1
RRAE o SR T AS [R) 9 R 0E 12 3 0 2% 43 )% 430 40
W e SUAA B BEATRIE SR L

IDIE= TN S (1 Al SR WO TR = SN
SAE B AR T COVAREP!S) B 27 43 b7 HE 48 Al
FACET" " 1 # 2245 43 AT HE 2 6F MOSI 34 48 #E 17
FRRAE SR A B B CR AL R 4331 Ry 100 Hz F1 30 Ha).

2) SCAHRAE T W 45, 1018 SCAR AR TR Rk b
AN ) A5 T SCAR B a0« FR AR LTy ee oo AL L TR
AR XA 7RI AT R 0 R O AR R
AR/ B A 38 I X R B AT 2 AR PR R T OC A
F @ ST BENETE AN O] S (W T A8 AT PR A, DL K

o G Y A I Ok RILRRIR Y F IR R A 3
I 5 A SCHE B SCAS R AIE 45 BRI 2% 7 4 55 35 43
SR FH 4 Jey 1) i gk Xk 1 3 3 R AT AR B[R] i S
4 B2 12 (long short-term memory, LSTM) /4%

Glove Ty REAEHZHL

I 38 o
<
ke
=

Text feature sub-network

SCAS AR T 19 4%

Fig. 3
A 3



482

HEIR S AR 2022, 59(2)

2] SEFRIAHOC R F R, IR HAE S CNN K
25y A LTE A BRURE 38 G A BN SOA A LSS B
R EE T /N 04 Jr) 5 AR AT i B

2.3.2  REAERLARI R

FEAS T, B R 1 Ak 38 ) S ) S0 R AT 43 0 R
BB RRE 2, = (2,20, -, 20) , ML o8 K408 45 AE
z,=(zy 2l 2l URBURRAE 2, = (21,27, -,
2!, SR FRIE Rl A BEUS B RRE S I O Z 4ROk,
B UL E R R B AR Dy AR R R AR R Y T
Tucker 73 fiff B 5 46 B0 408 fl & 580 12 9 6 A Jt 2L 4 &
4 s A YU i 51 A — A B S B R R
() ) 153 5 i W, 30K i 09 R — B A XS R T — R
A B AR R AIE 1) 25 T] e SR DRI S 7 X6 g — ol S ) 25 i
FROESEAT AlA A B, = B ok i WORAL R 65 5] AL
A 5RO R AE HE AT 18 1E S [ B 258 1E A
HEAT B S A B S R AR AT IE L.

VAL 4 R ], 25 7 b 38 5 4 B3040 4R 1iE 53 9
2,52, 52 B IEH2 30 W o — > =B sk &, H ek
S 3 AN E R IR 3 B S AR AR AE 2.2
z, B HRAEZS () 76 A 57 42t 0 S A B0 R A il 5 o
3 3 K S A R R R 5 0 A2 B TR N R R 23 (]
Fr#aafe . Ay 45 B B A 2 5 A B0 R A i 1C A2 B 0T, JF
DI HEAT 3 — 20 0 FRAE 5 45 1. Bl & 184 2 8800
B3 AN B E S ICIC I WO E — B 5 R A R
PEFFIE z, HEAT RS, 19 B A 2, R AR A9 BT L 12 5
JL W R AEIZ I WD IR 5 R B
Tk z, #EAT AL 1 B HA 2, F 2z, FEAEAYICIZ BT
W I a eIt WY E = 5 5 s RR AR
z, PTG BB A = HFHE RS K Z.
HEAR ST LLRIR A

Z=((Wx12,)%X:,2,) X325 )
Hrpwe Rl #RexRy 2 € Rz €ER/IFR2 2 €
RE*Rs

Fig. 4 Heterogeneous data fusion based on Tucker

decomposition
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Multi-source heterogeneous data fusion based on federated learning
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DFL21] 1.143 0.518
BC-LSTME22] 1.079 0.581
MV-LSTMLEZ) 1.019 0.601
TFNL6] 0.970 0.633
LMET{24] 0.912 0.668
AL 0.965 0.624

3.2.2 EALSF

XT3 AT 55 o U A5 RN A% A4S RS R AIE B2 K
B U BE 2R T BAE 55 R, A 25 vh i
FAE 55 b 25 B2 W RRAE B2 OB 1 o 8, 8, 16,
R ALK TALE RS 6 FEEAEDMES B
REXS L. HH Ace_2 F1 F 102 58 AT 55 T M 5 4r
Acc T RZEIFMTEAR. TR 4 ATR1 A SCH L TE
AT S L VEREOL T TEN KoK £ 800 53 ik, i
5 LMF 5k tERERH .

Table 4 Performance Comparison of Classification

Tasks on the MOSI Dataset
F4 MOSIHIEHE L5 EMESMEREXEL %

A7 Ace_2 F1 Acc_7

SVMLz1) 50.2 50.1 17.5
DFf22] 72.3 72.1 26.8
BC-LSTMI28] 73.9 73.9 28.7
MV-LSTMLE?4] 77.1 74.0 33.2
TFNC16] 73.9 73.4 32.1
LMFL21] 76.4 75.7 32.8

AL 75.5 75.2 33.8

WS BARA SCRORAE B0 i BV RE RIS
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I BT A AR B 2 2] R R O [ SR 1 3 1 R
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SR BOHE () % 38 ) — A A TN 25T AT BB A A 1Y
BRI 55 XUBS: . 3) KRB AR T 4% iyt 95 A Bk Ll
S BEIOZ I G s P0AT 19 55 K9 5088 X 7 7y SRR A 2
Y 1) 246 A5 TR0 S 00 T TG 1% i 42 BB IT A S ) 880
FEAE AR S
33 ST ARMBERESIIESHN

Ry B UE AR SR AR 2 ST HE SRR X 2 U5 S
KOG A A B MERE AT SEEG K N 2 A T T R AR S
DR HEATIEAN - 1 el T X 2R A B R
B 1 08 2 ok 0 E AR S AR % S A B Y
RE 1. 3% 5 i 6 FUINZR 5 o - Bs 48 i Bk
TRE R MG T APN 3 28 ) BB B L BN AUk
T 0 R RO SR N B — 5 I B 5 2) DU S
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() 2 B B8 UE A SO 5 1) 85 305 M RN 32 b 1 HE AR S 56
SR A RRE SR A A (R LR, R = (8,8, 16).

Table S Multi-Node Heterogeneous Data Deployment

Strategy
x5 ETARMEEBERRE
LR ¥Y € R 25 25 =S HR
B 25l
H i NG NN/ NN
EE N, NN N N AN
W NN NN NN,

TN RN S AR R 2 AL

3.3.1 [R5

XF T UEAE 55 Eh 48 45 MAE Rl Corr 5255
SERANFK 6 Pron 0 T 11T AE 55 2R U5 AR AR o] b A 25
HCAE U G AR A 2 R AR S Bl b i M RE R I
N 3 SR ) TR (L FNRE AR 1 A O 1 Bl A I 2 A
BRGNP B T, B2 A S I R A B X A S
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Table 6 Performance of Regression Tasks on the
MOSI Dataset
® 6 MOSI#i#E&E EEFES M6

TS il B A 7Y EELTS ik W2 S
s MAE  0.986 1.098 1.088
Kt it & Corr  0.599 0.446 0.363
U MAE  1.160 0.838 1.098
Bl Corr  0.495 0.674 0.409
i MAE  1.1340 1.0292 0.7938
Bimm G Corr  0.490 0.636 0.762

3.3.2 HHMEF

X FrRAT S A8 bR Ace_2,F1,Ace 7.
Acc_2 M F1 R RAE S ENHRAR , Ace T R E 5y
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Table 7 Classification Task Performance on the

MOSI Dataset

F£7T7 MOSI#E&E EHRESMRE %
LA A A R &b RS XU 2 =R
Acc 2 78.26 71.73 69.56
RS
- F1 77.94 70.10 64.52
s ah A
Acc 7 40.57 34.05 32.60
Acc_2 71.01 81.15 71.73
AR 25
- F1 70.64 81.35 72.11
KA A
Acc 7 32.60 42.75 41.30
Acc_2 74.63 80.43 86.96
=R
o F1 73.83 79.69 87.01
HOHE il
Acc T 31.88 33.33 17.83
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