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Abstract: In the digital era, an increasing number of people prefer shopping on e-commerce platforms. With the
development of agricultural product e-commerce platforms, consumers find it challenging to discover suitable products
among numerous choices. To enhance user satisfaction and purchase intent, agricultural product e-commerce platforms
need to recommend appropriate products based on user preferences. Considering various agricultural features such as
season, region, user interests, and product attributes, feature interactions can better capture user demands. This study
introduces a new model, fine-grained feature interaction selection networks (FgFisNet). The model effectively learns
feature interactions using both the inner product and Hadamard product by introducing fine-grained interaction layers and
feature interaction selection layers. During the training process, it automatically identifies important feature interactions,
eliminates redundant ones, and feeds the significant feature interactions and first-order features into a deep neural network

to obtain the final click through rate (CTR) prediction. Extensive experiments on a real dataset from agricultural e-
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commerce demonstrate significant economic benefits achieved by the proposed FgFisNet method.

Key words: agricultural product recommendations; click through rate (CTR) prediction; feature interaction; feature

selection; deep neural network (DNN)
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A E| FgFisNet {) F — ZIREHAEMN K F. HE5ZhOF
AR (11) frs:

h® = FeoncallE. P] = [c1.¢2. -+, 4] (11)
Hor, E N—BREIET, P o Z I RFESE LI, o W&
JE BN IR 5, k9 e RN ) 5 R B
24 REREMLE

DNN 7£ 43 &R [E AT 55 Hp 3R B T 5K 1 B8,
BFETFENLGE . 15 U A SR 5 S A . DNN 1]
DL 32 21 58 L 3 I 7 I RFAE 2R 7 B A4 5 4 1) T
P fE, DNN ST 22 2 020 /4 25 B % 2 5] B4R 72 5 fL RS
Hd v 5 5T A% (R S B 1) 38 SCHRFAE, IXon T R A
B4R R MRRIE AL A AR A, B 7E 3R A B B
B FRAT E L AT SRR IR B R A
B 2 AR R, B SR m I RS B TR
WAL = [c1,c2,- -, cx A G Z M H, BO
WA B 2%, gt fE B = (12) Fros:

WD = (WP +p0) (12)
Ho, LRI, o RIS R, w0 R 1R R
#, O 1 ZMR%E, 258 1215, 25, A4
S 1Y) 2 B SRR AAE ) B4 A\ B Sigmoid BR E0H 3R 4T R
P CTR Fl, Bk sl s st (13) fios:

$ = oWt gt 4 it (13)
Horp, |L|/Z DNN HIRJE.
2.5 MR
FRATHL H 19 FeFisNet B84 Y € (0, 1) g ofe =
#h CTR T, BATHIH 12400 = (@)1 (p@)H ),
FgFisNet #ALET 25, B bx ok 505 75 B MEAE X
e, BTk H bR B E loss Fik tnak (14) Fros:

|
lossz—N;(yilog(j))+(l—yi)><10g(1—)7)) (14)

Horp, y 8§ AN SRR, Vi
N REFEAR SR

R AR T,

3 SEE AT

FEATT ARG VEAN A 28 SEIR B0 IE 4 BT, 1 S ARk
B P 75 I R SR AN S B 1 B, AR5 %) FgFisNet #5284 ik
AT S B0 B0 UF A BEVEAY . 7R AR 7 i F R L S ) B 4
I, FgFisNet BRI 7E & 7 CTR TASAT 55 P AR T 2
SopF7wvei s Hith
3.1 BREMIWRE

SO E LS AR P ik P R AR A AT Y, 1%
LS 10 TR 6 N HWNIAT Mid s, 17 A%
BE R RS RS SR 2T
LS. AP RMEEE (D, 5. %), H
WL IR EAE R L PR (., Yo
IONIEYD L WS, T Je AT BRI Ve, XA AR Bk 2k
1B AT 9 B SR AR B AT S 78 0 S A6 FH R o
HOHEAT B 4y XA — BOECHE AR 8 A [R) HRRAE A At 7 B
SR AT B VR, A LR — B T e S B ik
TR VI SRSEFMAE, LA 2022 4 10 A 1 H-2023 4
30 1 BRI AT AEEEE I gRdE, 2023 4E 3 H 1 H
2023 £ 4 1 HH AT 8RR vl 4.

AR b FE N 4R (1) /NIE R 1000, iR E [ 4E
FERE N 15, 5 2] R E N 0.001. BTG R FE 48 0 2%
BRI ZH0 BN 3, BT A O BR300 °8 RelLU, &2
MZITEEE N 1000, dropout REENO0.5. FTEHAT
e Ja— JE AL Sigmoid BRI
3.2 MEEEITEANSCINSE

FAT LI £ CTR TR0 PPk 48 45 52 i
TAEHRFE B2k ROC (receiver operating characteristic
curve) M4 T 5 Akl s 1 HIAX AUC (area under
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the curve) F13 X & (log loss) £ AL FEbx: AUC R
ROC 2R R IR, & VFAL 48 28 nl @b 32 48 FH 148 45,
AUC X 73 KR BME A BUK, BN 1, BOKEEE. log
loss BIXF#di 2k, o2 — o0 K iz A H 4R AR, Il
WA A1 2 (8] I FE S, log loss I R ER A 0, FKam A7)
A1 56 R ILHAL, 1H 8RN LRV RERR LT

F 1 BRTE SR P i LR R 4R |, FgFisNet
FR AR B A L JE A AN R S B AR AR A8 T R 4HRLRE
LHIJZIHE 3 FRBRHERE B, 4 5 P ) & 4L
—ANHERE w (Al BRI — N w (Each) 1
AN B I —ANEFE w (Interaction), SE56 45 R 3R B,
XTI AR P b A A A S B R AE A BT 5, A
A HILH—ANHRE w MERR iR 4. R A S5 FgFisNet
KA ZHILH — N w

R 1 AFERMERIE AL B RE

ot FEL 7 5000 B3R AT TN 2 S R, OF AL T Atk
B HEAT SELRRLRE AR5 AIE 22 LA B EURFAE A HLE 4R
RERLR. — D7 TR R, 51 NG0RE BERFAE A2 L, A7 300
F BRSO R AR A Tk AT A AT E AR AL
B, BRI AT DL 5 ) B RFAE S 1L, b A
THERYIGRA R A ME. 53— T R A, R AR BRI A
T B AR TR AE AR L e R 2 A 15 PR — N 1Y
B, AR PR RESR G — 28 8 7T, B s R AR Ak
A HAT BT AR ERAS B SR ) R e
®2 ARTIEKTERE

J7ik log loss AUC
FM 0.3843 0.7788
FNN 0.3785 0.7809
GBDT+LR 0.3842 0.7728
AFM 0.3804 0.7817
DeepFM 0.3775 0.7831
FgFisNet 0.3764 0.7862

KA log loss AUC
All 0.3763 0.7858
Each 0.3763 0.7859
Interaction 0.3764 0.7862

WATESL I 5 5 MR BT LU, X LB R 7E
CTR TRAG FIANPEAL HEFRAT 55 6 VF 22 T RS, 46
{5 FH P9 AR BG TA ARG AT AR AE L, {H WS T RFIE AL
A EEE, {3 TensorFlow1.5 SZBL, 348 F NAG 11
e 28 BEAT I 45, 8% B 5 FgFisNet 3 {##F — L.
FM i RRIERE B, BRI FEAR BN ToV2 A B R 2% B RFAE RS
H. FNN i | FM 1B 1a &4 N embedding #1451k, G
A IR 2 7 B AR I m P g 7E . GBDT+LR ¢
e SR AR LR M A R B RFAE A L, 3 T AL EE A R B
BB 2 RHE TR, R AR . AFM 5] N H i
B AIHUE, BEE SR AEAS LA T AL 0 I, ST TR
SHRFHE 2 18] 5 R IR RE 7. DeepFM 45 4 [K T2 AL
FITR BE A 22 I 2%, RE % 4 AR AL s R AE 28 L, 3d
FRIFFERA. T Bl WA, 721145 GBDT+LR
1 FM B, 7EFR SR R BN L2 1AL, [R]iRA dropout
VENIENIETT i, DA 1R 2R 22 9 2 1 3ok FE UL A5

F 2 WORTE B AR = Sl LR B0E 4 |, FgFisNet
X e R O HERE SRR MR G AT TR IERAT] FeFisNet
BRI 2R T HAM B, FRATT FaFisNet #7448 T DeepFM
B {E AUC J5 1, FgFisNet AT DeepFM 1 %
TN 0.39%, T AFM PEREFRTF N 0.57%. 45 5
B B L AR 5 LR E B AE AT L R A
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3.3 BEEMR

PAVKG AT R AT — L5 S5O 7, AT AT
TN B YEFE A DNN [IIRFE. 32 3 NASFEHRAYEFE
TEACT= b B RS B 4R b Ve e . BRATTRE RN 4E K/
M 10 SEHCR 30, FoR SRt gk FRAEE R 3 . ATK
DG 4EFE M 10 37 B 30, 386 AN 4 5 75 0k 25 1
IR N\ JZF1 DNN #5 FI S 500, RATIBLAYE 5 S50
O IGINTEAR ™ i B P B A L 3RAT T Sk it

* 3 AFEHANGEER R

RNGERE log loss AUC
10 0.3793 0.7737
15 0.3787 0.7839
20 0.3786 0.784 1
25 0.3767 0.7853
30 0.3764 0.7862

FEVRFEARZE W 2% )22, 1900 22 5 4 18 IR 3 ) 2 2%
P WFR 4 ATULE L, S0 Z 80— T iR 2 3 i R T fE,
SR, A0SR 2 BTG N, PERE & TR, RRFDE T
SRR By i U 0 T A LR B AR, JRAT]
RIKG FRUR RO E N 3 B IE R .

4 g

AR SCHR HY FgFisNet St AT i i R A8 B 1% 4%,
S5 7E HE 4T 20K FEE 1) AE A2 L 2 56 7 S A A L
ATBI N GHRLE 25 7 JZ A28 HAHE 32, 4
A A FOR, AEANRAE 32 B3 — AR AERE w, TR
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