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Abstract Learning effective high-order feature interactions is crucial for click through rate (CTR) prediction in
recommender systems. Existing methods that learn meaningful high-order feature combinations by reassembling low-
order feature combinations, i.e., 2-order feature interaction, suffer from high computational costs to calculate the
interaction weight of all pairwise feature interactions. Some deep neural network-based methods can be seen as
universal function approximators to potentially learn all kinds of feature interactions. However, it had been proved to
be inefficient to approximate the low-order interactions, i.e., 2-order or 3rd-order feature interactions, which may
influence the accuracy of CTR prediction task. Based on the above consideration, we propose a multi-granularity
based feature interaction pruning network (FeatNet) for CTR prediction task. Firstly, FeatNet generates different
subsets with a threshold pruning operation to select the meaningful feature combinations on the explicit feature
granularity, which enables FeatNet to keep the diversity of different feature combinations, and reduce the complexity
of high-order feature interactions. Based on the pruned feature subsets, implicit high-order feature interactions are
further conducted on the granularity of feature elements, which automatically filters out the invalid feature
interactions. Extensive experiments are conducted on two real-world datasets, showing the superiority of FeatNet in
CTR prediction.
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Fig. 1 Illustration of FeatNet and FSGN
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Fig. 2 Illustration of filter
K2 JER R R

185 S5 7 90 7 AR D U e T 5% 11 4SS 5 4

TE U8 I 38 UM 2, i AR RRAE T SR Bk o3 1 % B £

VRPN TR AR A X RISk

(R L A AR AR A 8 S 3 S, ) T 22 2

{14) 108 J5 A T R R 3fe 2R AT U1 i AR IR, P o PR R

e L v 2 g 4 R I 2 ke [ s 194 3 A 2 () DA 5 B D

e HRAE, A5 B U8 UE 5 B RRAE 4R X7 10 e B AR 4

Jg (), 1 B AR Oh IFC), 5504 08 Sk 10k
FUE Ryw;, WS 0 U8B S X 4k o X 10 7 00

X/ = IF(F(X/)ow). (5

B E ¥ 2 A IRk i AT PR, AR £

JZ G 2R AT B CRRAE 22 X, A5 3 32 XA ) = By



1294

HENTR SR E 2024, 61(5)

FRAE 0] . 24N UR A 1 ER AT &, DR IE T 15 AL G 6%
5] B B AR B AR 22 XUAE B
25 FE

O 2 HE AR 52 S8 X 45 i H 1 BT A 38 SUAREAIE
AT PR, BRI IE R R A RN X =X, X",
Xi"). SR X A8 — > 22 )2 8L, i
SER ORI ERIRS N a© = X7, 5 R R I

9 = Sigmoid(H"a"™ + b?), (6)
e HORN b oAy i 4 6 B A A R 2, 1 R 22 )2 IR

BLIJZ 4L
2.6 KEH

TE CTR TUMAT: 45 v, 508 i FH LogLoss i 5% pR%L,
BB R T REAS BRI AR 4 40 AT 1 KL MR

1 N
E= —NZ(%XIH@I-HO —y)X(I=In(1-5)), (7D

oy S B A 1 L SR AR, B2 ASE B T () 4 2%,
E JERAE S B FEAS -2 LogLoss 612k

R T I TR AR Y A AR, AR SCEE T CTR Sl
BRI 4 ASACRMERIRY, 75 2 > BB 4 L kAT
ik %, i i3 AUC(area under curve) fll LogLoss 3 T it
Y B HEFEBOR . AUC {8 AT LA IFAR B AL 4l A B OE A
AR HETE 07UREAS 1T B9 HE R, LogLoss fE % B B REAS 1
FLSAR 5 TOIN AR 2 14 43 A RS, 3X 2 46 AR AR
1 AR A R L
31 EWigE
301 HnsE

AR 2 DR A AT SEE, A4S 2 TF R
MovieLens, LA Ke—1~3%& A 30157 B9 4k £ 4 52 WeChat.
mE 1 FiR.

Table 1 Dataset Statistics
R 1 HEESIHER

3.1.2 Xtk

S 5 e HL CTR Tl I A5 AL 4 A4S 4 38 M 42 7Y
DeepFM, xDeepFM, Autolnt, DCN-V2 {E A %t L.

1) DeepFM™ F K 7 43 fift HL. 2 > A% B 58 SUARAIE,
I3 32 T B P 28 I 8% 77 A= e i 28 SUARRAE 5

2)xDeepFM!"" 7£ DeepFM FE il |87 18 T CIN 3%
—H YR, SEL TR SO 1) B A

3) AutoInt"” 5% Fil Query il Key 3K 31t A 7] 45 fE
Y i 2 18] AR ARLEE , SR 5 4 A TR B ) AU YRR AE
AR AR 21 25 B REAE 28 XAF L

4)DCN-V2"'* 2 35 - % 32 ft 25 000 4% 1 A, SR
CrossNet 27 > 5 2 HR1E 28 XAF &, BE N8 5 1 Hiy 3 $2
B R IE 3 X
313 ZHikE

TESCE b, B4 LA 8 1 1 By He R 4 I 2k
AR TSR AN AR L SR AR 4 R Y ORI %
B S BOFC AN R S 80T & AL
L4 . FeatNet 1Y 2280 K 7E [2, 12] Z A4 &, U8
Pk MECFTE [, S1Z M8 R, =2 R r X ETE
{1E-4, 1E-5, 5E-6, IE-6}{# R . T f7 52 40 ¥4 7E Python
3.6.13, Pytorch 1.10.1 2755 F 52 i

PS50 5, FeatNet 7F MovieLens %% 3 45 I 19
e BC BN 24 2 R I =1E-4, JEP kB F=4, T4
BK=5, FUE S80S W) i6 AL X TE] 2 [0.2,1], 8740 S
P B W IR AL X 6] K [—4, 1]. 7 WeChat 508 4 1Y
AR E R % 3 % I =1E-6, U8 I kA% F=[2,2](2
NUE A BRATEIN, AR A 2L, T
LR K=10, BLEZE S BRI GG L IX (8] [0.4, 1], B AL
SR P R AL X ] 2R [-4, —2].
32 XWHERRHSW

BERIZE AN TR 2 s, mT A4S 4 4

1) DeepFM Fil xDeepFM 7E 2 >4l 4 - ) & 91

Table2 Comparative Results on MovieLens and WeChat

Datasets

% 2 7£ MovieLens 1 WeChat #1328 _FRIXT L5 R

PG TS EER ' B
MovieLens 12 1000 000 MovieLens ‘WeChat
A
WeChat 261 10 000 000 AUC LogLoss AUC LogLoss
) . e . DeepFM 0.8884  0.33103 0.6571 027373
MovieLens £ 45 48 f& 76 > Pk Ak 4fE 72 b FH 0 2L
) o xDeepFM 0.8880  0.33252 0.6571  0.27380
PAE, Hoh @ & T S IR | bR LS P
i} B H A 5 £ WeChat 50J B Autolnt 0.8911 033071 0.6585  0.27381
3 \ ‘ ‘/ M - 5 (RN ;
SRl WOl A L R 8 ‘F' ’ ciha DCN-V2 08920 032948  0.6578 027444
i DL B 7 SORE T P FUHE ST RRAIE, 471 Y ID )
FeatNet ( 43057 ) 0.8923  0.32613 0.6651  0.27290

RoME R 190 J7, B FEAR B A 261 AN AR A SR
T, B I

W O TAEIED], 76 CTR #illt, AUC 7F 0.000 1 ZLl 3T 4 i 2
ROFRTE. IIDHUR T RIZECT- o IR RS R . IR .



PB4 - T 25 B A 58 S 0 A5 Ay s i 3 T A Y

1295

e 22, BT IX 2 A5 AL 4G 36 I B A B SR A 22 3L Y
RE 1855, ANREAE 2 By MR A5 AR ik (48 2 AN AH G 19 4
TELH & 3 — L ) Ze bR, 76 = e 76 i B s 4 BT RE S 4L
B MRS R, R e TN 45 L, DR X 2 SRR AE 2
Bl E AR 2.

2) Autolnt 5 7 ¥£ WeChat %45 £ I 19 8 R ALk
F FeatNet, 3 B self-attention AL il HE 1% 2 4 b 3l 32 5=
By 28 SURFAE A9 45 5. {0 /2 7 MovieLens %40 5 1 93K
B, A B2 self-attention AL il X T8 B 45 4E
ANBEA WA >, BRG] TR Y A g

3)DCN-V2 7£ MovieLens £ #i5 4£ [ (1) AUC {H {X
T FeatNet, 1t Bl DCN-V2 4 & K By ¢ 1IE 14 BE 77 5%,
RE % 7 £ 2 SCHY i B AR AIE 52 L. {H J& DCN-V2 7
WeChat £ i 5 I A9 2 90— i, J5t A2 7 4 381 iy 4k 7
i ) 5 B, A TR AT K R AE R AT R M, s UL M
PR, S BRSO T R

4)FeatNet 58U 7E 2 N BHa 4 L& IS 1 e m 1Y
AUC B I 19 LogLoss, 15 AR Y 3 1o % 5% 5 7,
RE W8 0T i 0 ) I AR AE A5 8 24T F Bl R, SR ek
22 S 4% B T A AR i N RRAE, o A5 A5E T B 48
AT R v B R IR 28 SUAE L
33 HELSEIS

R T B R AR SCHR R R REAE AR A B £ R AR AR
A& SUE I W 48 1A R, A SCHEE T MovieLens | A
PERERY AT T I RS2 0, BB T DR B R 1 AR
JC R 4 A BA AR IR 28 S8 I8 I 2% 2 2 52 9 R WL R

0.892'5

0.8923
0.8920

0.8915F
0.8910

0.890 5
O

AU

0.890 0

0.8895

0.8890

0.888 5

0.888 0 : : : :
2 3 4 5 6 7
K
(a) R TAEBIABLON IR BE 1 B2

2 AN B X A58 ) R R 2 SR B i, P L R E T
A B 45 0 S0 o PR BT R AR S SR U I 2%
A RF IR 52 LR, LRSS R AN SR 3 FTR.
Table 3 Ablation Experiment Results
R3 HAEXBER

IR B AR I 2% RFIE RS S D 9 2% AUC
3 0.8895

3 0.891 1

V \ 0.8923

e NIRRT

128 3 W] LU Y, AU RRAE B8 S8 I I 2% 114 %oF R
ZH AUC B IR B2 T [, 156 B 2 2R A 4 1k 52 SCRijAS ik
17 55 A A 38, IR 2 FE FRAIE 28 U 23 R R 48 R 25 1)K
K H B — S EBAUR R ) 2045 A A [F = B s B
FROEAS AL A, BRI T80 i 3R 8 8 ) . i AR AR+
AR W 45 A AUC E AT — 8 B EE Y R R, 10
HH AT R IR 28 SCUE D I 28, AR AIE TP A7 7 7Y IR A fig
A RCH A I T R e AR AR £ T AR 5 AR AR B
X2 F L8 AH L, 2 ZH SR 50 AUC EHRAT BT T %, 56
TE T ARAE 14 2E 50 X 2 FIARAE 52 SLUE B IO 285 1 A 2501
34 BEBSESW

T BRI S O BRI ) R T, AR S R
MovieLens I fig LA B BC &, 04T T R RUEE S 8000 Bt
S, 5 URAIE -5 A B I 4 HRRRAE AR A AN B K
FEAE2E SCUR I 0 2% v s Sk B AN B F MBI AL S 5 P
HEAT Ay Hr. | 3 FIKl 4 Sl MovieLens 304 £ |, # 2

0.892

0.891

0.890

0.889

AUC

0.888 -

0.887

0.886

0.885

2 3 5 5 6 7
F
(b) BT MR B

Fig. 3 Effect of K and F on model performance
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