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BFARAE R AR R 69 N Ao Sy ik LA T AR A AR a9 ST, A RIZF M. B T Auto-SEI(Automatic Super-field-aware Fea-
ture Embedding and Interacting) B &, A LW A IET R4 B — ANAFAER IR, FARIE 0 TR A AEQ) N, KRG A 4
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Click-Through Rate Prediction Model Based on Neural Architecture Search

SHUAI Jian-bo, WANG Jin-ce, HUANG Fei-hu and PENG Jian

College of Computer Science,Sichuan University, Chengdu 610065, China

Abstract Click-through rate(CTR) prediction is an important task in the recommendation system. Its goal is to predict the pro-
bability of a user clicking on an advertisement or item. Feature embedding and feature interacting are critical for prediction per-
formance. Therefore, the ideas of many click-through rate prediction models are optimized based on these two aspects. However,
most of the work only focus on one of the aspects,and almost all models do not distinguish features in feature interacting. The
same embedding and interacting method are used when crossing the same feature with other features, which hinders the improve-
ment of model performance. In order to solve this problem, the automatic super-field-aware feature embedding and interacting
(Auto-SED) model is proposed. Firstly,it assigns each sub-field to a super-field,and obtains the feature embedding according to
the grouping,then selects appropriate interacting method for the feature pair to obtain the cross feature,and finally makes predic-
tion. In Auto-SEI model, the division of sub-field and the selection of interacting methods are parameterized as an architecture
search problem,and the neural architecture search(NAS) algorithm is used to compress the search space and make selections. A
large number of experiments are conducted on three real large-scale data sets and the results show the excellent performance of
the Auto-SEI model on the task of click-through rate prediction.

Keywords Neural Architecture Search, Click-Through rate prediction, Feature embedding, Feature interacting, Recommendation

system
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FRAEH#R A BEAT A A, A3 30 & B R A, DL 3R TH BB Mgt . 4]
i, gender J&=— A FEAEIE L A0 % B A FRAE . male Al female, SGHF
HAS B 575 B9 one-hot 7] & : gender= female— fileld ypa: = (0
DM gender=male— filed ynier = (1,0) ; B2 25 B T B 55 hy A [F]
HEEERY B ) it VE R SRR HATRIER G . I— RN TFHE
LA LS R AR T LUGE PG 3530 B 5 0V ender—temalage—20 =
V gender—female * Vage=20 1V ER?,

WA B A, K F 5> i Pl (Factorization Machine,
FM) B8 1Y 1 43 fi# L (Field-aware Factorization Ma-
chine, FEM) ") | & B A -F 43 f# #l (Deep Factorization Ma-
chine,DeepFM) M 2 I & 42 W 4% (Deep&.Cross, D&.C)H
S 5 0 R R AR A A BUE LA R IR 2 IR T N 1 AR Y
2T, Xy Ry L E R R RO T R AR
Z— BUEHGRRR IR A B AL A T k. NERLR bk
W 2R AR 15 B A 1 i A B0 R B R AR A T LTI A
93— AR ¥R BE A5 ma gt 0T . R A T Ik R
PRUEAS B B ik A B0 S R4l A0 TR B SRR AE i A L R
B SR HR G 3l I AL J7 5, R AR T R AR O P R Y O B L i
Sb LT TR 5 IR AR AT i A T G B #BA X REAE 2 17 IH
B X 4 R — A~ R A 5 Al e A 416 #5684 ) 1) e AN 4
B 5 v AT BELTG TR M BRI SR

PR A SCHR T 2 A R 1 R R A T A
TSR i e i I A FRAE R A S A A RS, B e B
JIFA 1 AR F 380 A0 4F % (Age)  #E J) (Gender) K I 45 B 5U
(Advertise-type) FE#E1T 70 41, B A 70 AL AR S — A R AiF 8 15K 5 4%
Jei > AR R 43 1 R 3N SR R A S AR R IR A G X TR
AEHR A (3458 . Auto-SEI 8 FE U 19 i AL 248 T 7E FFM
rh SRR A 5 T RRAE 2 G L T A R 3 =2 ) A
LA T b HiE I B LR & Jr B . 53 8h, Auto-SET
BRI REAE —E FEEE T o BE AR f e R

IR R T R R H G BR L RERCE, 2%
R B R B R R R b R AE R B T R
TN SO A 2L A ) R A6 S SR 8 R 1) BB, R NAS
T7 1 HE AT 090 DK B 1 8 R A R S T R IR

AR FETTERAT -

(DT Auto-SET Y, 7E [7] — A~ ¢ AiF FH A 57 4F 3
AT HH A R I , nT DUAR 8 455 19 R A0 2k 18 1 A [ A9 i A 2
BT

(2% NAS J7r i ] T i R O A R h, SE LT A 3l
o K B0 3K Bl B R AR AR AR5 5

(3TE 3 DA IM IRMAER AR EHEAT 1 52560, B0 iE 1
YA A 2 IEREAT T B BT .

AN SCERS 2 WA BT AR 2R 06 T i SR TR A Y R A 2 2
IR AR OC TAE: 58 3 WE el — > PR MR TR
Bk MG PR AT Auto-SEL BRI YA R 28 4 A A
T IS X B LA RO S A5 R 20T 5 B R B A A

2 MHXIE

2.1 REERWMNER
S AT AR AL P BE Y B2 T, B R TT R R AR HE AT AR
PEAT R R R AR AL & X P O7 T, |l T MR B i 35 v A

J5 SEWEFE Pl B T FEME 3l gk 6 ABE % % A I 26 (Field-
aware Probabilistic Embedding Neural Network, FPENN)® |
HF B ML MW 4 (Product-based Neural Networks.,
PNNOUY K v 25 J7 K 743 fi# HL ( Attentional Factorization Ma-
chine, AFM)" 45 FM 4" JR BB, 73X La 580 p , FEW A0
FPENN fifi Fi} 7 A [ 2 70 1) - 480 8% 1 ik AR X REAIE 8% A AT
R . AFM A PNN JU 53 530 38 i 25 & 3 70 AL T 8
TR B R ALE 2 A T 1 R U A 2 5 R AR A S N 1 5 R Gk iR
BT T FM AR Ab  HC Al A5 780 D) 2 38 5 i8¢ 1 — b 32 B
ok A SE W E A SRR, BN, ek 418 T
D&C #H i ] T 22 H.JZ (Cross Layer) 3¢ 34 5 5 15 47 1F Ay =
IKHE T 5 SCHRL 1O T4 1 ik 7T 25 FR b 28 160 2% 1) Hep i A A A
F) FH 4 FL M 2% (Convolutional Neural Network, CNN) 3¢ #f Bt
Ja B AR L IR LA G BB B R AE s SCRRE3 T4 M T A ke Ak
UG AL ) A% 25 FE 19 22 3k A TR R 4% (Multi-heads
Self-attention Network) AL AE 920 & 5 SCHRL5 42t 1 iR
K T4 i AU 2, ) 46 21 A I 2% (Compressed Interaction
Network , CIND ¥ &5 25048 B ) & 2% 0 B9 20 & e ik . B IR EE
P25 M #% (Deep Neural Network, DNN) & 7E H: fth 5 42 £l 2% 45
WAL SE RN A AR AL By 1) T L 2 R
RGO R ] DNN e 2K HBs =9 & B 2 & 4R AL I iE
FE B (Deep & Wide) 2 # 28 [H 23 f# Al (Neural Factoriza-
tion Machine, NFM )21 Z5 g5 #5326 45 AU thr | Deep & Wide
W2 N A A A A AR L A B BT R R AL A . B
Hb, SCHRE22 42 i 45 1 JRR Jh 1) ot 4 ) % 5 780 A Sk (23] 42
Y A 352 B 2% AE 28 AR S B AL I A i R AR 4 A )
AFL 3 b 7 9 2 AR AR R J2 TR D[]8, 1T Auto-SET BB JE 78
AL 48 )2 TH] AT AR T
2.2 WHMERMEER

UEAEK . NAS # BT T B — A 08 w2800 T R 43 26
R 45 28 1, 5 T 3 SR 15 5 Ak B Y 1 B I 45 48
Fgreeesd . NAS Ikl LR B g = R B F b 7
FET AL S IT IR REE TR 7 ik . ASCEEM AT
BRI TT 5 R O B L HA P A O R T R k. SCRRL25 148
T ORI G A 4R 4§ R AR R (Differentiable Architecture Search,
DARTS) , Hot —FMEE TR EE By NAS ik, EBINZ%E —1
EAE B FR BRI A9 45 BB B R B AL T () L SR )5 3
PERA BORRCE (O M B TR H R A BRI 4%, %
J7 10 7 % 252 1 ASL T Gt R R i ¢ 11 8 TSR A 22 I A AE A AN ]
BB 2E . SCHRL24 JH H 38 7T 30 v a2k A 1 ol 22 28 g 80 2R A5 Y
(NAS Method Based on Proximal Iterations, NASP) , il i 5|
I S B L BRSBTS — s BB B ROk
A —F A A, Auto-SET B2 BLK 8 5l 1y 4] 43 F S 1R 4H &
T3 Y e B S Ak O R A R ), (B 4 NASP
751 T BT AT B0 SR 2 B80T RE 2 5 SRR O — SR T fx
LAF BN — WA . DI AE SEBR R a2 o, O [ 3 43 ) 4R
MBEON G4 R AT NAS J7 sk H o THRE SRR,
R FH AR SR L TR B I T i

3 Auto-SEI #& 5!

3.1 ik
R EEME AT S R 1S, A AN A AR S
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PEH Y Auto-SETBEAL . WNE 1 iR BIA A 2 T AE] DL 4y
93 A ER Ay A HE AT R AR R B R 4 (Automatic Grou-
ping) . 4% 1 #% A (Feature Embedding) Il 4% fif 40 & ( Feature
Interacting) . HFAE IR 53 B m A FFAE T B0 73 00y ¢
ANFRAE AR I, R o0 45 R F8 S AR IE i A AL & . FRfE#R A, 3
FEHN FEM S8 A2 LA e A D7 2K, ot P Sl e ) i A
B R FRAE AT 2 A i A CRAR SR B A B g D) o Fe
TR A BT X >R 8 AS ()68 33 1 R, Sy B A4~ R AT % 38 48 i
EA AR, &5, BT R L 4 AR
B e [ e . R AT R 3 Y R A3 FRRAE 4 G A0 R M VR AR R
P00 AR b 3L, RIS B SO e A R B M AIRLEL Y
TAEWAR,

x1 MUY

Table 1 Symbol descriptions
Symbols Meaning

n The number of features
m The number of sub-fields
k The embedding dimensions

e The jth embedding of features in the i th sub-field
g The number of super-filed
Sa The a'™ super-field(a sub-field set)

ol The feature interaction function between s, and s,
Py The probability of sub-field i selected by s,

e, The embedding of the a™ super-field

w The weight of feature interaction between the i

and j" features

3.2 BEHE

AT G R 5 — AR 43 AT AT 3 2H R SR = ]
PEAT 20 A BRI B, 17 22 W A 7R Y JFC AU 28 3, AT T LA
W A 28 S A0 T 0 R O vk IR 1 TR

output ~N
| Output

Feature
Interacting

Feature
[ Embedding
<
| Automatic
Grouping
S = - P
3 Iy @
o6 0 (ro owo 8= 00 B | }Input
o e = = —
Field1  Field2 Field 3 Field m
Bl Auto-SEI 4 BUHEYE
Fig. 1 Overview of Auto-SEI
A1 Mix-OP ARiC B9 i i 1T LR R R
g g
> 2 X Zw,_jo(""’)e(e,qe,-) [@D)

a=1b=at1i€s i€y
Horpr,eC o D FRIRFRIEHATTE IR E 0« DRI FFIEAH S
BRAL. eC o ) BYAE TR AR 20 AT iR A B T A 45 E AR 45 X J5 By &

AR E B O — R o C e ) BYAE RTZAR 48 P 45
AT Je ) A R e % — A R B AT AR IR A . AR R BeC )
Ao C e D H A 19 2R 2 1) A0 2 8 10 A 73X A 1 IS ) o
TR TFEHEFERBITRER, 21 T DARTS™ A
NASPY 02 3 T8 BE B9 NAS J7 5k o 76 Jill 56 45 iF 48 33 7 AE
T 45 Y 32 43 AR R IR R R 2 18] X 2 BR R S T LUK R
FoRREG MM —Hma, B e OEEN.

g g
eCeire, )= (2 H(pi)e.,» 2 H(pi)e;,)
k=1 k=1

o

Seal 2
c=1

pi=

1, pi=p..Va€[l.gl. a7k
H(pi) =
{O, else

BB IS SRR T I B AR OL K AT LU ) @) € 9 Ok
TR, FAEHR A KA e C- DOMAE A H 1Y o 215 A [6] /1Y ik
Ao HCORBAEMRMER . DBELZN BN HEME o &
AL ) — AN ME— R 2L 35 2) BRI & — A R AE 7 BS54t
— A B R IR B A SRR R R T 2 AR, 2R
LAY e BB T o+ ) s

Q@b (e y=> exp(Bs”)

<~  aamoCe) 3
o€ "%’exp(ﬁ”' )

Horp g Bl € 9 FOR PR ERFAE LA R B AL L 00 IR
A RBRIELE . B 2 R 7R B S 1 BE AT 2R A 1 R Y )

jm

PR WG T 2% ] SR A AR . TR Auto-SET BERS v, fff ]
T o A0 B MR AR B, Ho o BT OR SRR FRAE T80 S5 W
BEASFRAT AR S £F B R AR L B FS I s, M s, 22 IR
ANFRAEZH S PRBCRESR . (RIL 18 R B F AR AT AR IR N

min%,, (0" (a,p),(a,p))
«f 4
s.t. o (a,p) =arg min% .., (@, (a,f))

Hr o RoRBETFTA AR RS, La Bl Lo 53 0 RN T
WEEBLMINGEMR L., KON T, %
S8 o, p ARG SEL o T IR] 5 M 38 0E 42 AN 25 42 DR G AE
R BB AR B — A Ee A S8 (s By ) KB NME TR
TEERR Lo (a.p),(a.p)), KT ER S o FxTT
Pl /MBI R B R AR B2 240, B o (avlf):argmmin
Srvain (@5 Ca s ) SERAR R ZIG 90T LIAR I8 3% S5 1) Z2 4 742 7
o Fl B A3 B WO 2R . 40, R AR 2H A 1Y eR B0 B R OR
H oo = arg max B FRIEM ARIR R e (o) =
(e,.b:nrgpuaxa;: 2€j.=arg o a} ).
3.3 Eil&%

SERAR R Z G T SN A B i ok TR 4 A 28 I SR B
Bt o BR T R BRI A3 R0 R R 22 R B RR AR 2 A R R E A
Hb 8 R ok AR A I o B 0 AR 4 2 — 2
3.3.1 #mA

A RTINS R e 8 R AT AT SR B R Y GZE R R AR R
2 ) 534 T 3 W 5 Ol B EOED L 3l F R B — 4 one-hot [A] i
KRR X L AR, B A, — A B4R 592 4] (City = ChengDu,

D oole;se;) =[o(e; re;)0(e;, sej, s+ s0e;, »e;, ) ], T FILEAL, 4 A B 4E 0= {max,min, plus,multiply}
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sender=Female,Weather =Rain) 4 . CAR )
Gender emale, Weather ain) @M‘er): 55 % Swlew (ene) (1D
(010+-+0) (10> (010+++0) (5) Tl G €
(}lv*(‘h?ngl)u(}vndr;—l;male Weather = Rain ;H\: EP ’ w e /f ' j;IF H U(“ v ,fX /fh %‘z_{ /\ m E‘ {dg *4—‘ E/J éﬁ A

IR It 5040 4R o i — A SE R T LR O =[xy
Xy oy x, 1 Ho e, € 00 LR RRAE T8 0 B9 AR AE B9 B

x,[j]€{0,1}’1'6[Ll,]»ﬂ;x,[ﬂ:lc
3.3.2 #A

T A SE A9 e ) A R 22 BORRAIE R O R R A B Y, S BUR A
S G A 2 T A Y DS U TG R A SRR A A AT A
TR LA R0 oS s TIN5 B4 19 7 2 4 AT A UK A
A% 4 1) &2, LA

e, =V.x, (6)
Hr,v, € 2 B8 i AGERE x & — G iy
one-hot A &, SR A< SCHE H 1Y Auto-SET £ B RS A A [F , H
T A AT F B ) 43 B AN 6] R 3 T A F IR IR AT AL A
sk 5 R i T ) e A R R BN [F A . R RS T g A
M, A TR RS S g MRA L KO Fedr Ry

e, =V, x;  1<j<g 7)
Hr, v, € R R i ANRRIEFIRIE § I A T e, J2
55 NRRIEFIRE — A BRI A SIS A, B
TEHR A ZJ5 i A 2 v] LSRR A

x=[e " s st ey (8)

R I RLLY SIAPLLL

e
embedding of field 1 embedding of field 2 embedding of field m

3.3.3 HFAEEA

2 BT A Y R A e Ay ] — IR 4 = TR Y R ) A 2

Jei s BT DL AE XA AR 4 25 8] 3E AT R AT 1Y 41 A R 35000 AR 5
Auto-SET RV AT LUk — 258 434 4 A TR,

LR FHH — AR A B, Hof s 7218 1 - A bRIe
T LR BT M ERR . A P TR R B R R FR IR i A By
2R 25 . BAE Auto-SET B8 v, JF 45 FRAEAS IE — S A
HA ARG T BB AR, X R FE ARG RECK
REZMMA L ZJEHN G R IR, b, 4t Il 3 4R
By di vl LR R

él‘kzwﬁiw,‘AG(;(e,., seen) 9
Hrf,w, E{ﬁ% A(;(;()%ér%zA B, ACHY Auto-SEI 4

e 6T 44 BB 45 bR B, B AGG (e, 1,---,e,<,):(1/g>2e;<o
HoAth 2 A oR B 0 AR 0 =k B T DU L RS e iﬂlxﬂﬁ{ﬂ'
T BE B 52 WK 7 LAUE B TAE &K .

FM PR — AN For g pLs i, o i e & 1 B AR
BT FM W 83808 . A F 416 % 1 A R R AT i 000
FHARE . B0, 28 o SRR IE RN IE A G FM (5,) =

2 owlien, e, Hoh wl, € 2t (e Oe; ) [k] =

i€5,<j€s,

e [kle L], BZ 55 2 A F RIS T LARIR N
o= 2 FMGs,) (10)
Mix-OP T8 . — MR-G5 R, Hob b 7e 4 1
FHIARIC T Mix-OP M9 i3RI T A Gk B A
FRAE R I T IR AT . XY RRAE B SR ] =2 I Y 4 R A3
B8 Z 5 o AT DASE 3o B 2 (1) SR R XA TR i i

B0 "*argmaxﬂ( P MAER (D) P Z A HE R B IR

BEER o . HE T RABAIE M B T R
wi; =wl; Uwl, R TR IE 4L & AT A AL .

MF FHEER - — A~ ST W3 () 3 288 o 0% I 2 i A e L G
7R 1 MF BRIC R RROR . 7T LB A R
FAE— A0 T B0 AR AE L S T A R S ) i
fiE o AETE ZH 5 B 3278 — i B 2031 B A A 2 T e 7 1 (i) AL
DB 24 T B R AE, BT A 4 RS RECkR RS BN
)BT B AE WA 2 A5 A BIR 8L 7 5 A Ok 2R A
B IHRA ?

TR AL B 525 0 TEROR B o A SRR AE IR T
BARHERI S @ NMRA e, ARG MHIFH R G REBCR & AR T
BURFAE R R R B IR AE ey, =1/ s, ‘% €iuo MAH AT
P R RO

g g

Oyr =2 2 woe, Qe a2
a=1b=a+1

Ho,w,, € 2 2R B IRFRIE o BB BURRAE 0 416 R 4L
H, 5 LR FHBe—e, HAL R R -& R Bod ™l LU T %
AT R AE R R i AR .
3.3.4 Hrl

AR B 4 D BB 0 i L R AR Dk s
Dent » Pusix o M Pre o A1 3.3.3 5T IR o 1 1H 55 B9 — Bode
B A TR A T RN

Dpy + Puieor = 2 2 2 2w, ;0" (e 5€,.,) (13
a=1b=a i€s5, jEs,
I e AT DLROR O
:U(WK\.m—sm [@m ’ [‘PFM +(DM|X—()P:| ’ @MF]) (14

HA W aose € A S — DAL ) &, FAE H 28 0 A 1)+ 15
Pl G R K 50 KR — DAL IR B 0()=1/1+
e sy AR d5 A A L B HU ) AR
3.3.5 W%

s AT (AR AT DL AR — A 4 Ay ) L W] LA
FHAE SRR A5 AR S B0 14 458 2% R 450, A1 Ot > A 0 451 2 T LA
e VNS

N

E Jdog b —(1—y)log(1—%)+FA VI (15

log loss

o,y € {0, 1) Fom B SL Y S F R, 5 € (0, 1 F s BU
Pl AR N ORI ZREE AR V RIS 1 A S 4.2

FKREML RS, HAX BRI S5, HEHK ¢
E N,
HiE 1 Auto-SEIL BB Y1 25 18

A MG Dyin - TIEHE Dyaria » R E S, HIN LR R, F A
Hm B g BRI R R L, SRR R G

i A BB 0 - Bop) s FEEE B 0

1. WA :a~N(1,0.01) .p~N(1.0.01) ,~N(0,0. 01)

2.for t=1 10 S do

+ Ybased on K (2)

Feature embedding function:a—>e(
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Feature interacting function:p—>o( * )based on {(3)
0=G (4, =L{a,p. @) . Dy,
(@, =G (% =LU(a,B. @) Dya))

30 (g s Bop) = (0, B

4.0 =softmax(al ) forj=1,++,m

opt opt

5.8 =softmax (") for 1<<a<<h<g

opt opt
6. €opt C* ) = (@i k—arg man,a, * . k=arg max,a}, ) based on @,

(a.b) .
7.0, =arg max BS? based on B
o€ (

8. T WAL : 0~.1(0,0. 01)
9.for t=1 to R do

opt

Embedding function:e,, ( « ) ,Interacting function:o,, ( * )

0= G (L =L@y s Bop s ©) s Dygyin))

loss, = LCCtp s Bope s @) s Dyiia)

if loss,~>loss,_; :break
10.0" o

Auto-SET BRI A R B2 AN ST 125 1 B, N Rt o 4
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Table 2 Statistics of data sets

Train Valid Sub- o .
Dataset . features Positiverastio
samples samples fields
Criteo 86883012 12733031 39 1178909 0.50
Avazu 32143173 8085794 24 645195 0.17
iPinYou 15395285 4100716 16 937670 0.07

LR < ) 50 4R AR 28 47 2 8 180 09 43 2, RR 008 45 47 b A%

U http://labs. criteo. com/downloads/download-terabyte-click-logs/
2 http://www. kaggle. com/c/avazu-ctr-prediction

3 http://data. computational-advertising. org
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Table 3 Prediction performance

Criteo Avazu iPinYou

Model
AUC Logloss AUC Logloss AUC Logloss
LR 0.7801 0.5629 0.7643 0.3887 0.7305 0.006173
FM 0.7872  0.5555 0.7728 0.3850 0.7361 0.006039
CrossNet  0.7854  0.5572 0.7720 0.3853 0.7427 0.005707
CIN 0.7942 0.5478 0.7782 0.3819 0.7465 0.005701
Auto-SEI  0.7955 0.5465 0.7808 0.3799 0.7649 0.005620
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Table 4 Results of ablation experiments

Variant Avazu iPinYou Criteo
AUC Logloss AUC Logloss AUC Logloss
Random  0.7767 0.3822 0.7623 0.005626  0.7928 0.5495
N-type - - 0.7508  0.005664 - -
S-Plus 0.7761 0.3827 0.7529 0. 005658 0.7915 0.5510
S-Max 0.7779 0.3816 0.7549 0.005656  0.7934  0.5487
S-Min 0.7781 0.3814 0.7590  0.005642  0.7936  0.5485
Auto-SEI  0.7808 0.3799 0.7649  0.005620 0.7955 0.5465

ST 1 A8 R A5 A v 2 R0 1 A R R A A R R R —
B, XFHGRME 4y, v IS BT M8 D7 Pin-
You BG4 I, BEDLAS AR A M 58 O HCAib 9 28 R AR, R SR
iPinYou BAFE T2 )5 WA 16 A~ F ik, 2 A B 4
F A BOR A0, BT LA AZ BEALRI 43 7 5% TN 5 2) 76 SR AL A
AR, Max Al Min 28 & B2 79 b Plus 48 {4 45 784 4 8 38 47
(Multiply 8 (AR B 2 6] T FM #1580, 3 3 T4 X 45 55,
B oy AR 2 M 4 bR SI0E B AR 3 BITE 2 1945 B 5 3) Auto-SEI
Ji iy A5 AR L HL At 19 A5 A AR AR A i T4 0 B T R AT ik AR
AL FEAE 2L & SR 7 18R A R0 .

AN, AR R BB 7E iPinYou BIEEE I RIE %, H
F Avazu Hl Criteo B4 4 i) — 84> T 504 BR80T BE 44 b b
B TOEE X A AR H AR SR R AT R AT B AR A A AR
M A S5
4.4 BBHWER

Auto-SET AU A7 WA 7 5 2L 10 8 S 40 FR 1R i AW
YE B IRAN B S A 6 Bl T X P B S RO
PR S0, ] LA L 1) A58 10 i e A A R A B K
PR BRI 2 ik A 4k BE 0t 24 1. iPinYou B £ b A8 N
g FF U FF 3002 R iPinYou B R 52 A0 X 58 /N FLRG Bt .
RO RAN G 2) BB EOB £ W WA TE AR (H
RABTEA GBI BIA, NFE iPinYou $UHE4E 1,5
BEIPERET 2T 1A BT B 5 3) 78 Avazu Fl Criteo 50 4E |,
TR 1 i A B R TE 22 (1 R 3 B AR A5 T 4 1 e L (R B
XA SR B R AR $ T TG L S I S B
A5 AR A S BN nkg s FRAEA B n 2 182 1, 2800 Rk A
4Bk GBI g BLIE D TG T B A — A T A R AR
TP R 14 5] AR 5 RS 17



Computer Science THEMFL2  Vol. 49,No. 7, July 2022

0.005 710 0.797 0 05530
|* AUC = Log/ﬂ.rsl
0.005 688 07958 05514
0005666 & [, 07946 05498 §
LI %
{oos64s  § T 07934 05482 =
0.005 622 07922 | 0546 6
0.005 600 07910 05450

07820 03870 07700
-+ AUC = Loglo -+ AUC = Logloss
07796 |- 03850 07640
& 07772 03830 & O 07580
S RS
< 07748 | 0310 5 T ozsz0 |
07724 03790 07460
07700 03770 07400 - ;

8 16 24 32
Embedding dimensions

40

(a)Different embedding dimensions on Avazu

(b) Different embedding dimensions on iPinYou

8 16 24
Embedding dimensions

32 40

8 16 24 32
Embedding dimensions

40

(c) Different embedding dimensions on Criteo

T + Sl &
5t A B X T 4 B 4 5 )
Fig.5 Impact of embedding dimensions on prediction performance
07820 03815 07700 0.005 850 07970 05510
-+ AUC & Logloss| -+« AUC & Logloss -+ AUC & Logloss
07810 03810 07640 0,005 790 07960 05498
© 07800 03805 2 © 07580 | Jooos730 5 © o7s0 05486
IS) S '§° IS) 3
< 07790 03800 § < 07520 0005670 ,§ < 07940 05474 J
07780 - 03795 07460 [ + 0.005 610 07930 05462
07770 03790 07400 0.005 550 07920 05450
% 3 4 5 2 5 4 b 2 3 4 5
Number of super-fields Number of super-fields Number of super-fields
(a)Different super-fields on Avazu (b) Different super-fields on iPinYou (¢) Different super-fields on Criteo
I ALK ST bk 26 ot B
P&l 6 A HO6F T00 44 B8 145 )
Fig. 6 Impact of super-fields on prediction performance

4.5 TFABMEIE

FETAL BT . R BR T iPinYou B4R 4 (1 — 28 0 H 7 40, 1
o T B H R P AR B (User Agent) FLH S TP #dik (In-
ternet Protocol Address) . @0SRFEF T 19 F 355 h Wi A8 K
FIH 1 SRS AT LIAR A 58 A5 (R QSR 2243 Oy 3 AN
TR D A A AR R AT AP R M RE . FE 4.3
B ZAUE W T R A B 9K 4 4 A R A BT A R R R A 2%
B o J340, anSREE 4y ST L2 0 B 3, A AR S AR A 4] 43
2 Sl B TR ME (P Avazu T Criteo B4R 45 0 T304 Frfi 7
[ 2 A Ab BE L BT LR EAT ST .

BERS A BhR043 3 A BB g Rk 7 iR,

weekday city adexchange ™,
domain slotid useragent ~ ;
creative

|
|
|
|

|
/ oo
{ hourIP 1} :
region |

|

|

|

|

|

|

advertiser

{ slotvisibility )
“._ slotformat slotprice

&7
Fig. 7 Results of sub-field division

ER_ IR

M7 TR BR T slotid, A B 77 ity 5 3k A0 4 &l 3 3] —
A IR 53 0 A S R T T SR — 2 TR SOAR G T R
FHM . LA A — 5 T RE A MBI T A SRR,
It B s H Ao — 2 PR s 86 T S A A SE AR B s 55 — O
THT A% 200 2 2 AR AR 000 A AR B B R 05 K ] — 1 SRS B AY T 0k
30 73 B A [8) 9 A 32 LR AS 54 1) PO A R

HRIE TR B AT DA 50E Z 0
114 DU T (R, B — A~ a3 S IAL AL PR 4 T o A R 4 R 11
— A5 ) 50 SR I LA R AT B4 3R 35 B8 3 FIE AT R AN B0 R AF 20

B o P ARSCHR I T Auto-SET #5550, 75 i A R4 A B 1
XA HEAT B2 T, I B9 AT G GRG0 T vk 4R TR AR Y Y
R, BERIAE 3 A H S R MBS R 4R E i Se g a5 R AR L
A PR R A 1 L AR SORE R A TR0 P A AS B T R T B AE TR R
PR . HEAh AR SCIE XA B EAT T S RO 43 AT 52
6 LA ST fifp R S L X TR B R R AT T HE— P T
BER PR TR T — 2%,

R 5T AR A 4 7 LUT P O TG - 1) 80 v 3 40
T 2R & eR B 258 T T HLIROR HE AT N5 5 2) A1) — L6
Bl AR B R A 5 A58 R Al R AT R AL T B Sl 23 AN 2L PR B Y
e . AT — 20 41 THAE Y 1) 3R a5 e

& % X W

[1] GUO H,TANG R.YE Y.et al. DeepFM:a factorization-ma-
chine based neural network for CTR prediction[ C] // Procee-
dings of the 26th International Joint Conference on Artificial In-
telligence. 2017:1725-1731.

[2] CHEN W,ZHAN L,CI Y.et al. FLEN: Leveraging Field for
Scalable CTR Prediction[ J]. arXiv:1911. 04690,2019.

[3] SONG W,SHI C,XIAO Z.et al. Autoint; Automatic feature in-
teraction learning via self-attentive neural networks[ C] // Pro-
ceedings of the 28th ACM International Conference on Informa-
tion and Knowledge Management. 2019:1161-1170.

[4] WANG R,FU B.FU G,et al. Deep & cross network for ad click
predictions [CJ]// Proceedings of the ADKDD’17. 2017:1-7.

[5] LIAN J.ZHOU X,ZHANG F.et al. xdeepfm:Combining expli-
cit and implicit feature interactions for recommender systems
[C]//Proceedings of the 24th ACM SIGKDD International
Confe-rence on Knowledge Discovery & Data Mining. 2018
1754-1763.

[6] PANJ,XU J,RUIZ A L,et al. Field-weighted factorization ma-

chines for click-through rate prediction in display advertising



i 58« i T e 0 S0 ) 48 % 10 i ol AR T A A

&

17

7]

(8]

9]

L10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[C]//Proceedings of the 2018 World Wide Web Conference.
2018:1349-1357.

HUANG F,QIAO S,PENG J,et al. STPR: A personalized next
point-of-interest recommendation model with spatio-temporal
effects based on purpose ranking [ ] ]. IEEE Transactions on
Emerging Topics in Computing,2019,9(2):994-1005.

RENDLE S. Factorization machines [C]//2010 IEEE Interna-
tional Conference on Data Mining. IEEE,2010:995-1000.
JUAN Y,ZHUANG Y.CHIN W S, et al. Field-aware factoriza-
tion machines for CTR prediction[ C] // Proceedings of the 10th
ACM Conference on Recommender Systems. 2016 :43-50.
WANG X, HE X, WANG M, et al. Neural graph collaborative
filtering[ C] // Proceedings of the 42nd International ACM SI-
GIR Conference on Research and Development in Information
Retrieval. 2019:165-174.

QU Y, FANG B,ZHANG W, et al. Product-based neural net-
works for user response prediction over multi-field categorical
data[J]. ACM Transactions on Information Systems( TOIS),
2018,37(1) :1-35.

YAO Q,CHEN X,KWOK J T,et al. Efficient neural interaction
function search for collaborative filtering[ C] // Proceedings of
The Web Conference 2020. 2020:1660-1670.

LIU B, XUE N, GUO H, et al. AutoGroup: Automatic feature
grouping for modelling explicit high-order feature interactions in
CTR prediction [ C] // Proceedings of the 43rd International
ACM SIGIR Conference on Research and Development in Infor-
mation Retrieval. 2020:199-208.

LIU B,ZHU C, LI G,et al. Autofis: Automatic feature interac-
tion selection in factorization models for click-through rate pre-
diction[ C] // Proceedings of the 26th ACM SIGKDD Interna-
tional Conference on Knowledge Discovery & Data Mining.
2020:2636-2645.

LUO Y,WANG M,ZHOU H,et al. Autocross: Automatic fea-
ture crossing for tabular data in real-world applications[ C] //
Proceedings of the 25th ACM SIGKDD International Conference
on Knowledge Discovery & Data Mining. 2019:1936-1945.

LIU W, TANG R, LI J,et al. Field-aware probabilistic embed-
ding neural network for ctr prediction[ C] // Proceedings of the
12th ACM Conference on Recommender Systems. 2018: 412-
416.

XIAO J,YE H,.HE X.,et al. Attentional factorization machines:
Learning the weight of feature interactions via attention net-

works[J]. arXiv:1708. 04617,2017.

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

VASWANI A,SHAZEER N,PARMAR N, et al. Attention is
all you need[ C] // Proceedings of the 31st International Confe-
rence on Neural Information Processing Systems. 2017: 6000-
6010.

LIU B, TANG R,CHEN Y,et al. Feature generation by convo-
lutional neural network for click-through rate prediction[ C]J //
The World Wide Web Conference. 2019:1119-1129.

CHENG H T,KOC L,HARMSEN J,et al. Wide & deep lear-
ning for recommender systems[ C] // Proceedings of the 1st
Workshop on Deep Learning for Recommender Systems. 2016
7-10.

HE X,CHUA T S. Neural factorization machines for sparse
predictive analytics[ C] // Proceedings of the 40th International
ACM SIGIR Conference on Research and Development in Infor-
mation Retrieval. 2017:355-364.

YANG Y,XU B,SHEN S, et al. Operation-aware Neural Net-
works for user response prediction[ J]. Neural Networks, 2020,
121:161-168.

SONG Q,CHENG D,ZHOU H,et al. Towards automated neu-
ral interaction discovery for click-through rate prediction[ C] //
Proceedings of the 26th ACM SIGKDD International Conference
on Knowledge Discovery & Data Mining. 2020 ; 945-955.

YAO Q.XU J, TU W W, et al. Efficient neural architecture
search via proximal iterations[ C] // Proceedings of the AAAI
Conference on Artificial Intelligence. 2020:6664-6671.

LIU H,SIMONYAN K., YANG Y. Darts: Differentiable archi-
tecture search[J]. arXiv:1806.09055,2018.

XIE S,ZHENG H,LIU C,et al. SNAS: stochastic neural archi-
tecture search[ J]. arXiv:1812.09926,2018.

SHUALI Jian-bo, born in 1996, postgra-
duate, is a student member of China
His main

Computer Federation. re-

search interests include recommenda-

tion algorithms and data mining.

PENG Jian, born in 1970, Ph.D, profes-
sor, Ph.D supervisor, is a outstanding
member of China Computer Federation.
His main research interests include big

data and wireless sensor network.

(STAE S48 - AT HD



	10.pdf
	基于神经架构搜索的点击率预测模型
	引用本文



