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Abstract: Aiming at the problems that the existing feature interaction methods in deep learning recommendation
models cannot fully utilize the embedding vector information and thus have the insufficient accuracy, we propose a
deep learning recommendation model based on separated embedding interaction networks (SEIN). This model first
uses the embedding neural network layer to convert the sparse feature vectors into dense embedding vectors, then
separates the feature matrices of different dimensions for feature interaction, and explicitly controls the order of
feature interaction through the number of SEIN layers. Finally, the obtained hidden layer matrices are pooled by
summation, and the final output is obtained through the prediction layer. In public datasets of Criteo, AutoML and
Movielens, click-through rate prediction and top-k recommendation experiments are carried out by using the area
under the curve (AUC), log-loss, accuracy and recall rate as evaluation indicators. The experimental results

demonstrate that compared with the baseline models for click-through rate prediction, namely DeepFM, Deep&Cross
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and xDeepFM, the SEIN model improves the AUC by 2. 38%, 2. 31% and 2. 35% on the Criteo dataset, and reduces
the log-loss by 1.81%, 1.99% and 1. 85%, respectively. On the AutoML dataset, the SEIN model increases the
AUC by 1.17%, 2.60% and 0.57%, and reduces the logloss by 0.66%, 2.53% and 0.35%, respectively.
Compared with the recommendation models based on graph neural networks, specifically HeteGraph, IR-Rec,
GSIRec, KGNCF-RNN, and ITRA, the recommendation model based on SEIN improves the accuracy (k = 5) by
1.27%, 0.47%, 0.48%, 0.56% and 2. 59%, respectively. Therefore, the SEIN model can effectively solve the

problem of not fully utilizing the embedding vector information and thus improve the accuracy of recommendation.

Key words: artificial intelligence; recommendation technology; deep learning; feature interaction; vector densification;

data mining; click through rate prediction
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Fig. 1 The architecture of SEIN model.
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Fig. 2 Calculation process of initial interaction tensor.
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Fig.3 Calculation process of hidden layer of SEIN.
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Fig. 4 The macroscopical architecture of SEIN.



a4

BHRE, % BT BRSSO HETA Y 517

B SEIN FHI 14 sl 0 B sl iy it 7 A 57
Bl =2k 5 2t 55, BUJZ SR sigmoid BY
softmax PR Y, fx & E’Jﬂi{ﬂﬂ%%ﬂ%/ﬁﬁy=
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TCE AN SELS . 5258 1 NAF Criteo A1 AutoML (8 42
AT A R UG (click through rate, CTR) .
CTR &M 45 () bl R, XL AR [ —
AT RAES, W A PR A SR
FUBEAT) SR . I8 2 7F MovieLens- 1M B4 4E |-
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B LA [ L3R 2R A7 7R A, LB/ B 4R K
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d, 1R ST, TI—113 13 N B 4 E A
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ZHEE, HP g 16 MR IERIE 2 —2, HIL
BRiX 16 M4FAE, SR FH R 4% 60 S5 R AE SE 4T 5050
MovieLens-1M £ 4 SE 40 7% T 2K H 6 040 24 F 7 %
3 592 FBHLELHY 100 J7 4V EA B, M iEs . H
FUEBMEBEGER3NE.

#1 LHIERERR

Table 1  Description of the dataset used in the experiment

w0
3 M S EK
Criteo 13 26 1 000
AutoML 42 18 136
MovieLens-1M — — 1 000

2.2 SKIIRER

1 FH tensorflow-gpu 2. 8. O AE 22 5 B T A7 #2 A |
I B SE U AR B . SRR
fic B "~ . GPU N Nvidia GeForce RTX 2080 Super,
16 Gbyte A7, #ifEif 5 4 Python3. 9.
2.3 WfhAERR

YA TIPERE, S5 1 FHIRZE T 1A (area
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fiefatn. AUCTHRAR = (4), BEERFHO0.5 ~
1.0, AUCHBRIEIT 1, U BRI Iy gk SR B sy
AUC = 0. 5 W IARERICI FHA L.

AUC:PCIEPC PXNZ (4)
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Horb, MOIREARECE s vy MEEARRIR A,
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W 5Bz n 2, AR (e).
Hrpr, o Ay, a3 s P w 53T H @22 18] F
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577 3 1% 22 (root mean square error, RMSE) J&
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KEREZ, X R EBUR. fESC8m 2, ¥ RMSE
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%Z(ri_%‘)z (7)
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3.1 CTRTNEBEREXTEE

RS UF AR A R0, K SEIN AL S = 3 i
RIEF ) HE A FM, NFM, AFM. DeepFM .,
Deep&Cross 5 xDeepFM #E47 X Fb, L5045 L n 3k
2. BT SRERAE R S 2 R S S5 B B

45

Re@k = (9)

F2 U CTR BN B PFAG bR 81
Table 2 Performance of the popular CTR prediction model

i Criteo £454E AutoML 54

AUC L,, AUC L,,
M 0.5161 0.7077 0.1879 0.6427
NFM 0.4872 0.7567 0.1943 0.7246
AFM 0.4762 0.7677 0.1778 0.7315
DeepFM 0.4811 0.7588 0.1763 0.7474
Deep&Cross  0.4829  0.7595 0.1950 0.7261
xDeepFM 0.4815 0.7591 0.1732 0.7464
SEIN 0.4630 0.7826 0.1697 0.7521

M2 AT WL, SEIN AR A A I s Ay
HRA FrEE T, X H S HEBIAY DeepFM . Deep&Cross
5 xDeepFM, SEINERILE Criteo U4l 4E 1) AUC 43
IR T 2.38% . 2.31% M12.35%, L, T
1.81%. 1.99% Fl1.85%; 7F AutoML ${#E2E I Ay
AUCH RS T 1. 17%. 2. 60% F10. 57%, L, 535
TFET 0. 66% . 2.53%F10.35%. M, SEINFEAY
AR T HABA Y, XA [ 48 A i) R AR 20 8 28
NAFE) T —E (IRCR, IR T AAIYERE YA Rk
3.2 BLEEMHEMERBITLE

Stk — AL R UF AR A RO D Rz M, AR
WF5T SEIN 52 7 15 37 4 Sfe — S JL 1 [&] ot 25 o) 2% A 7Y
HeteGraph, IR-Rec. GSIRec Fl KGNCF-RNN fifi 4,
fili & J5 BB B YK 4 44 M HeteGraph-SEIN | IR-
Rec-SEIN, GSIRec-SEIN 1 KGNCF-RNN-SEIN, Jf:
TE MovieLens- 1M Zi 85 X33 JURPAE AL GEDES 74T
b, Z55ange3, SRS S RN 2 Z RS
WESER MR R, mFEIMI, 78 MAE,
RMSE. Pr@5. 5 Re@5 PUANPEAG 845 |, R4
SEIN {22 [ 25 A5 0 e S ME R TR 4. PRI,
PRI 25 P 28 A5 U il 25 SEIN IS, HEFETERE 155 —
FEMERETE, P I0UE T AR A AT e Ay A

3 G EIMZ M EERIRAE MovieLens BUH4E (1)
Wl TE R
Table 3  Performance of the fused graph neural network model

in the MovieLens dataset

T8 MAE RMSE Pr@5  Re@5
HeteGraph 1.3552 1.1382 0.1806 0.0527
HeteGraph-SEIN ~ 1.2928 1.0826 0.1933 0.057 6
IR-Rec 1.2918 1.0894 0.2056 0.0676
IR-Rec-SEIN 1.2634 1.0563 0.2103 0.0697
GSIRec 1.3371 1.1095 0.2018 0.0613
GSIRec-SEIN ~ 1.2791 1.0655 0.2066 0.064 8
KGNCF-RNN  1.3533 1.1253 0.1897 0.058 1
KGNCF-RNN-SEIN  1.3319 1.0984 0.1953 0.063 1
ITRA 1.3862 1.1722 0.1715 0.0508
ITRA-SEIN 1.3296 1.1056 0.1974 0.064 4

3.3 SHHOW

TESEINFLAI | ik A4ERE S SEIN )28 M 5 )2
PR TR B B B IR Y e ke, UL
AWFFEE R FIRSEE Criteo 5 AutoML R AE ik
T2l ecs, 2R mE s, KoMK 7.

TEMF F 45 A 2 2 0 55 700 14 BB 5 i) A S 56 v
SEIN (W25 M 1, BIEFERIIRse 2, Rt E

0.79
o7t .
0.771 —A— Criteo
E 0761 —6— AutoML

0.75F
o7l /\6———@
0.73 L L L L

8 16 32 64

AYEE
B5 AL T RAERE

Fig. 5 Performance of different embedding dimensions.

0.79
078k A— A —B— 000 A
0.77F
&) —A— Criteo
= 0.76) —o— AutoML
0.75F
0.74F
0.73 1 1 1 1 1
15 20 25 30 35

Mo Eiht

Bl6 AFmzoktE FRETERE

Fig. 6 Performance of different number of neurons.
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Fig. 7 Performance of different layer number of SEIN.
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JEUER AT BEJE AN A K 4R vh 45 B i 5 e A SR —FE
TERFSEMR 2 e R X PE RE S I A 5280, SEIN
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AIOL, FERRZ TR RN 25 I, AR AR AL TR A
R, WA ITTECR R T BN T 25 IR Y M RE 2
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5% SEIN JEBOM B AIPERERZ M A S g5, 7E Criteo
B AR i AZEBE R 64, AutoML BUHHSE M A
e R 16, A TT BRI 25, M7
UL, Y SEINZECH LI, ARG PEREAL T IR
&, HEEEZEBARE, REIRPERELE T REEH.
X A] AEJE TR AR RO BE 2R D, 2 )=
SEIN BYZRIBRE Sy ad s i S BGI G . Bk, Bt
AR Y BE R 5 e G aE IR ALERE . Mool
PAJ SEIN JZ2%5 .
% i

P IET P B A XM I HEF AR, i i
XA FHRA R AT ISR, AR TR S S
i A N 3 R N T[T A I 52 i
MIPERE . CTR FIN S50 5 top-k HEFE 19 92 B 45 2R 3R
W], SEINBIAUFE Criteo 15 AutoML A4 4 b A g
DT A SRR, JF HG AT T R 28 0 255 1 9
ARG, TEREMEE R P ABR M RS L
FIRT, TR I ORI GEUR S, Bl A
BN, ARERVEZ LURTASRER IR B8O R AR AS
Hlk, BUFREBBIEFRIRECR. ARIES LR

e SR — AL, R — e 2 P AT
HIFFL . WA A IRTE S Ab PLGUR I — 88 T7 7L 2
&, MHEZAMNELR, MR
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