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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 9-commeréé 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 recommendation; click through rate (CTR) prediction; feature interaction; feature

selection; deep neural network (DNN)
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o KT O WSS . BIMVRHIESE X p (0 8IE AL A

p= Z Za’(i,j)Gi,jPi,j (10)
i=1 j>i
R, G NI THETFE, BUE .0 B 1y MURAL L o /S 1 22
REGE I FR 1 250 T A9 B Attention HLAI7E 4
RUch | PRBEHI 28— 42 R NAG (01658 F 47
%
2.3 AEE

H4 )2 i embedding RFAE 19— FHARFAEFT [ 42 X
BRHEHE T A, A T bR e e RS, PHE R 1 B
A Z| FgFisNet {1 N — 2R E & Mg, 45 2ER0%
AR (11) fios:

h® = Feonca E, P1 = [c1,2,+++,ck] (11)
U, B N—WRHES, P o A Y, o N4
JE IR R, k8 I N T R
24 REMEML

DNN 75 53 251 A 4T 45 th R I T 3 el
R SHLILSE . B AR 495 S A0 P DNN A
DL 3123 3 5 LRI 1A 2 R 3 52 18 58 47 1 T
P A, DNN ST 42 5225 100 4% B 0% 2 ] B 7= i v 7
R P A 2 1 RS 7 A 028 SURRAE, XM F B
T R R AE AL AR P 04 B P A I R
SEAHLER AL B . SEAN 5280 F H0RC L TREE A
Yt 2 A AR R AL A, AT 3K B AL A . YR
M INAO = [c1,c2,-- -, cx | RAE T, RO
PN FIR B A%, BT Bk R (12) Fiow:

B0 = o (wPnD 4+ p®y (12)
Horp, 1RIREE, o RWER L, w25 12 IR

&, bD R LZMWZE, 258 2. 25, B4
JI ) 2 B SILAR AR ALE 1) 2 N 31 Sigmoid BRI EAT A
7%l CTR FR0, Bk il 2 Kt =X (13) Fras:
$ = oWt gt 4 it (13)

Forh, |L| A DNN I3RS
2.5 WHE

BATFEH I FeFisNet A H 9 € (0, 1), &K
#h CTR T, BATHIE 92500 = (w1 (0O} ),
FeFisNet BRI VIl 4, FI bR o6 A0 e 03/ 16 5 S
K, PTid H AR loss L AINA (14) P

. L
loss =~ ;m log()+(1-y)xlog(1=5)  (14)

e, yi RE5R 1 NSRBI SRR R, A s R B,
N EFAR K.

3 SEERAHT

FEAR T R VELE A 28 2B IR 0 BT, B S sk
5 BT % MG R AN SR 50 W B, SR 5 6 FgFisNet £58 5 i3
AT S8 B0 TIE AR BE VT A . TE A 7= il PR R L S A AR 4R
I, FgFisNet BRI/ 4 72 i CTR TS AT 55 h AL T 2
{1 5t S A A,

31 BEEMLKIEE O\

SR E KA B R A B AT I, 4
BB & 10 PG AF AT AR &, 17 viek
LR i RAEER (R R A R AT
SRR H RS E (D, k. H). H
WL HIRAEAE R DL PR (i, Yo
TN WS, 1 AT BUR G B, X A TE Bk
(B AT B0 R FH A BOEE AT S 705 o S B FH P r
HOIEAT & 4, 6F AN — BOHCHE AR F 1R R A 7E A 7 B
SRR AT B TR, A LR — B X kS Ha g
PRI VISR EE R4, LL 2022 4 10 A 1 H-2023 4=
3 1 HHFAT AEEEE 9IRS, 2023 423 H 1 H-
2023 42 4 H 1 HHPAT AEEEE I,

AR = it FEL PR R SR /ML LA 1000, HRN JE (1 4E
FEVE A 15, %R E AN 0.001. FrE IR A4 M 4%
PR 2B BN 3, BT S RSN RelLU, &2
FZE TR N 1000, dropout K ¥ B N 0.5. Fi AT HEALK
wJa— JEHEH Sigmoid PREL.
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3.2 MREITEFNSLINEER

AT I e £ CTR T F VPl 48 45 32 i %
TAEHRFE#H 28 ROC (receiver operating characteristic
curve) 14k T 5 AL bl B I A AUC (area under
the curve) F12Z X4 (log loss) 7E N iFAl #EFR: AUC HY
ROC HIZE AR, & VTAL 4 28 Il @ rb 32 48 FH (48 45,
AUC %73 KBMEABUKR, BN 1, BOKBRE. log
loss BIXT#din 2%, 22 — o0/ K iz A H 4R AR, Tl &
PN A1 22 18] I FE 5, log loss F R ERA 0, Fam A4
A1 56 R UL, 158N F o=V RE LT

1 R SR S il LR HE 4R I, FgFisNet
rh DR B A L JE A AN [E] SR AR AR AT B RE. 4HORLRE
LHIJZIH 3 MRARHERE B, 4 o B ) &= 2L
—ANERE w (AL B AMEIEH —ANERE w (Bach)
AZCHIE—AMEFE w (Interaction), FH AR K ],
St F 4R i HEREAS A 2R R AE A2 B =, A
52 T 3 A — A e w kAT . R B 525 FFisNet
KA Z I AR w.

1 AIFIZE R RRAE A M e

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

BAVESLI 5 5 AR AT L, X B 43 A 77
CTR Tl FAAN PEAHEREAT 55 A VF 2 D I R, 4T
A1 FH A AR B A B AL HEAT AR A B, {H S T RFAE AL
L E B, {8 TensorFlow 1.5 SZHL, 348 ] NAG
WAL AT VIS, SH B S FeFisNet ZHURFF— 2L

FM i JEA5AEAE I, PRAAE AR R TE i3 A0 B A2 A% R R 22 )

H. FNN 2 H FM B & 1E N embedding W4k 1L, 68
AR 3R 2 7 B oy A 1 = i R K. GBDTHLR fi
A L R R A A2 T, 358 PR T b B0 T A,
BT B 2 P E TR, A R, AFM 5] N HiE
B JIHLE, BERE X RAIEAS B AT A 7 I, ST TR A
XPRFIE 2 0] 26 R I B AR A /1. DeepFM 25 & [Rl1-43 AL
IR FEE A0 22 I 2%, R ol R AR AR v Y AR AE 22 L, 3
TR, N T Bk 4, /1% GBDT+LR
A EM I, ZES R B B PN L2 IENIAL. [ RH dropout
YENIE A0 772, CABH 1R I 250 28 X 2 i ik 0

% 2 WIREE LA B LR SR 4E I, FeFisNet
550X 8 3 AL IR A B A MR . AT R I FgFisNet
PR GG 28 AR T HAB AR AL . FgFisNet BB T DeepFM
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iRl 7E AUC J5 ), FgFisNet A%} T DeepFM P fE
BTN 0.39%, AT AFM MEREFE TN 0.57%. 45 5%
e, 4 L A T B A R R A
PR TR OO S T T2 2L R, IR ELAR T Al
LA AT T AN 04 0 5 TR B B AIE A T R A
WAy, — 7 T B, B NIR: A 52 B,
RHOHCR B T RS E A8 T AT AL, 4T 7 BEARAE R
B, IR TT L P 5] A A T, WD AT
TR RIS A 53— TSR IR A 2
L B TR G AR A f
FURY, B0 9 RETRIBURE 25 IR T, Wk i R MR
SEHAT W TR 15 S0 1 2 it
. %2 REJ R

JriE 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

33 BEEMR

FATTH 75 B o AT — LR B MO T, FRAT A
TV RN HIZEFE F DNN IR E. 3R 3 A FHR N 4E %
TE A= v T MO 4 T F e R SR N 2E FE AN
M 10 FEBCH 30, HoKSEh 45 BLAEEE S 3 . RATK
BB % 42 A 10 378 30, BN 2 1 250k 14
A DNN 45 IS080R, AR 2 25
HOR N AR T T ROR AR L3RS T SR s

o 3 RRBAGR A

HRNGE log loss AUC
10 0.3793 0.7737
15 0.3787 0.7839
20 0.3786 0.7841
25 0.3767 0.7853
30 0.3764 0.7862

FEVR BRI 28 [, 38 0 J2= 302 HE s Y 11 52 2
P WFR 4 RTULE L, S0 Z 8T a2 3t mii R T fe,
SR, A0SR Z BN W E N, PERe & TR, ZRBOVE T
BRI By i A 0 A R B R AR, 3A]
KRIK B R B BN 3 2 — A I .

4 %R
AR SCHEH FgFisNet Sk 34T 20 kL P2 BRI 22 FL 16 F%,
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i H AR SN A

B 7E HEAT 4000 RS AE A2 HL AN 1% 4 FE ) RFAE A L.
AT AR EAE B2 A BRI R, HE NN
AN B IS, BEANMRFAEAS B — D BCEFEEE w, 1A
Fe ] B A5 YRR AN AR SR 5 M I T T3 L, £ 3T
RIS 7Y A A2 L JR AR B e 8 M 46 J2 2 8] DR B 58
SRR BE — N 2 R A E o, R ZRd R B 30

H

T B L RHAE S L, IF MM BRI AR R AL AS L. SR JE Hs

PR AT LR ANRFAE A ELE SR AR LA 2 2 A 25

B SR R B R 5 AT B T R R A B 5 K R IA g

R (PR RESRUE — 22 (T, PriR Tk A
A S R HER T 6 L, S T R G R.

% 4 K7 DNN & JZ 1 fe

1

w

~

W

o]

DNNREE log loss AUC
1 0.3773 0.7733
2 0.3767 0.78341
3 0.3764 0.7862
4 0.3762 3 ! 0.7854
5 0.3768 0.7842
6 ¢ 03763 0.7857
sEH
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