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Prediction model of deep cross attention based on click through
rate
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Abstract: In order to distinguish the importance of different high-order crossover features and eliminate
redundant cross features,and improve the accuracy of click through rate,a deep cross attention prediction
network (DAPN) algorithm is proposed. DAPN represents the input information with sparse high-di-
mensional features as low-dimensional dense vectors and sends them to the factorization machine (FIM)
and deep cross attention (DCA) layer respectively. FM uses first-order features and second-order fea-
tures to cross mine low-order cross features that never appear or rarely appear in training data. DCA lay-
er uses scaled dot-product attention mechanism (DP_A#z) to design cross attention layer,distinguish the
importance of high-order cross features,and design the deep neural network (DNN) to model the high-
order cross features. Simulation results show that DAPN has good prediction performance on public data
sets,such as Movielens-1m and Avazu. DAPN uses parallel structure to effectively learn both low-order
and high-order crossover features and improve estimation accuracy.
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FAXF &5 7 (0 W it A e g A RE 2% 4] G A P
S T B SR A 0 R R A

FUI i e o R TG R) R R A Y i ] 4R
PR AU X AN ] 4 A 0 AR A, B — > AR RO
M I B A 25 B8 R AE 22 (8] Y A B S M, ) 40 a8
B 1] I3 (logistic regression, LR)™1 | SGD (stochastic
gradient descent, SGD) [ 5 4%, LR % & (1) ff 5
R R A TR PR i R M B L i R AN R R AR
TNATE 32 547 AE 22 X, TAO 200 ff J IH 1 4y i
#l (factorization machine, FM) % AU 3 17 & 5 K 1l
fli JFM 5 S8 T B R fF 41 A, BE R 0 M g 2 T
RPEREAL, FM B A X2 1] B AR AE S ] one-hot Zi
fith b P, (X 50 B RRAE A b B A 2%, 22 ) T =
Wy 58 SLHRAE . JF A 75 1 B R AR 28 S0, R TR
fiE T8] 9 & 73 OB AF B .

Wil & R 27 2] 0 PR R 8 TR B A= )
B Ul R AL ST — R, e E TR R A
JFHIR & #2245 (deep neural network, DNN) Xf B
BRI 0w B s¢ SRR #E A7 @ 82, i, KIM
G R A 288 i LR BLARLR B R 72 ARk
71 ) DNN £2 8 A 45 4 1) Wide& Deep 5% % 52 5 Xf
B AN BUE G 5y B 4RO I T S E 1 GUO
SELTORE HE AT FRAE 22 LY FM 4y Wided& Deep
R AR B 28 PR 43, 3 Y DeepFM (deep factoriza-
tion machines, DeepFEM) #5 | 2 J5 Jhy Jill 5 45 54 (19
FFAE 22 SCRE 1 o BE HE AT RRAE 28 T 2k MR 1S ) 4%
5 7% BBy DCN (deep & cross network, DCN) &
RIS AR B8 Cross W P #4351 A Field vector-wise
A ) xDeepFM (extreme deep factorization ma-
chines, xDeepFM) ## #1107 25 4 41 4% $2 . 52 NLP
(natural language processing, NLP) 45 % Trans-
former " 1y 3 &, x| SRR T G 7 AL 52 R
Bit-wise 9%l (% F¢ fiF fil & . Fl H] Attention #L i %F
A FRAE AT WA T BR T 8 1 Al A O Sl R I
AFFAEMIEZ I, FENG %024 B 4% 78 DSIN (deep
session interest network) P FH X F Lk HIEE
ML 2E AT A R AL . (HRAAGE o S E E
B 55 B 4% 1) R AiE A8 SC AT RE FR il 55 A8 1 M fig
HAd ] DNN X & B 4 4E #F 47 Be = i R AR 38 LT
eIl ATCARE B TUR AR B4 R 1Y B 75 23 38
BRI 2 i w3, B IR AR R AR 22 07 T A 2

R R R e I N ST I
BN 1R A E AL L AR SCHE T DeepFM BLAL, $2H T
WA X & 1 BAL B 4% (deep cross attention
prediction network, DAPN), & 7E Cross Network
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R L w4 s AU B JT HL ] (dot-product at-
tention, DP_At) , B X XN FE BN E G & £ 2 K
FIMLBE T — PP IR BE 22 i & )1 (deep cross atten-
tion, DCA) &5 44, 52 BLxk g B A5 2k 1k 58 SURRAIE B9 A7
B> . R, DAPN F] ] FM B AR B #5 1F o 47
WO 22 S, FE 4 2% 2] — B R B 38 AR AE
DAPN F| H I 17 45 #4 3 =2 40 W] 9 A L 76 980 2> F
S TR AR TR B A () [R) B 45 R A B BE L 15 3
G ) A, SR

1 XTI
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B HEELRE R L X R R AR AE 3C A B L, B
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DP_ At (Q,K,V) = S()fz‘majzt(QK1
KA. Q K.V 73 HIAC K G 11 0] 58 g F1 2 A HBEAE X
<k, oW d R . Q il K ik
SMABUTEE R UG R F/d, 253 Softmax R
G MMV ARG BIS5 R,
1.2 Cross Network

Cross Network J& DCN 45 5 rp (1 [ 2% 45 #4) ,
FH R e 28 Ml 2 o) A5 R IR DCN AR 10 45 4 4 ] 1
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A8 SCE Y i an X C2) B R L A 58 U2
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Dense embedding

B 1 Cross Network 45#4

Fig. 1 Cross Network structure



+ 588 -

HRIEFRIEZE SRR £ RS E— B a5 R—
. BRGSRREL F B IIRE RIS X, f X, iR 2E .
L PR
X =X X/W,+b + X, =
S(X, .\ W,,b) + X, , (2)
(X, .W,,b) = X1, — X, , (3)
K H,X, € R” & Cross Network i A, X, . X, €
R"AyHIRESE (+1.0 B L2 M5l W, . b, € R”
G3INRER L2 A S ORI 25 o n S IR i ACRRE

WH X - 8 W 20234 34%

(9 BORE L o hy 1 4
2 DAPN s &R MmfhEs

DAPN #ERIZER & 2 BT 7R . 4346 5 A JZ (input
layer) \FM JZ.DCA JZ. % i} )2 Coutput layer). %
A JZ T AR Ak B g T R 4 s FMLJZ 67 5T 0
— B RRAE AN B 28 SCRFAE E AT £ 45 DCA 2 1 5 X
e B 28 SURFAE JE AT /B 22 o) 5 i 2 5T % & FM
2145 ) B AR B FRAEAE BRI 2 DCAJZ 15 2 (19 25 B FF

N 7 Layer.

& Tnner product /(\

Output

& Addition
) Sigmoid function

DCA

el @O Q00 00000 - 00000 [t

Tnput

Combed)  Combed2
Sparse

features | JOM )

Field 1 Field 2

€embed k

Field &

B 2 DAPN & 4
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Krfow, €RY HEFAM 2 Rl 25w, €R ST A
FRAE M ALE on R T R AE B .V, Y, W3 0 A
FEFNEE j SRR TERRAE 1] 5, <Zla, b™> 3R 7R Xt 1]
it oa b N BERAE <V, V, > 05 L DN RHIE R RS 5
ANFRE Y2 AL 28
2.3 DCAE

DCA JZ&5# I 2 () DCA #8437 . o4 1 3 i
GRALTE R ) M 45 B8 3  Z2 1 W Pk B AR ik 52 3L, )
H4a7 DP_Are g BUEE IALHIBOH X TR E.
W11 BEARXEE I Z A 3 R, i E
MA@ (DR, B OZMEBIERFE 1 EN
i ANZAG L DP _Are 19 B FRAE T &2 270 i S A
JZ 1 Embedding [if fk g BT 55 5 I il i o7 24 1t
1k Caverage pooling) " [E4EAS R ZE [+ 1 )2 1% 4%
RXCV, TERERMEZ X Z G EEES A
A2 SR JE W i DR RO, FH A B 2 2 A
ML ik — B R B R E 22 XL, DCA 2 1Yy A il
FM 1) i A AR R #8247 5 AE Y Embedding 1] 4
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#ad FM 215 3 KB R IEE R yeu FI 25T
DCA JZ2 %t (9 %5 B 4B FRAEAS 2 yoea AT, SR i
AF| Sigmoid PRECTT 5 Ty b 45 %, B R B 2 Rk
KW= (10) FiR , Sigmoid AL F KX M= (1D
I

v = Sigmoid (ypy + Yoea) s (10)

1
(1 +exp(—Y)) ’

A yeu H FM Z 5 yoea 9 DCA JZ 895 5
2.5 REUGKRE

s BT ) AU — S A R R, O T A
M 27 ) BRI S8 A8 Logloss AR R B RY i) 4 2%
PREL . Logloss XFR R A8 SUIH 3 2% pR 5K FH oF Al £ 455 74
TOOIAE A S PR A Z 18] 9 22 88 . Logloss 1k sRELANT »

Sigmoid (Y) = (1)

N
Logloss = — %2 [v©Plogy® + (1 —
i=1

y)log(1—y)7, (12)

Aorpr, y FORBERITH P AR,y B A
SeE AN 0 5 1, N N IIZREA Sk,
2.6 TEEFRE

MFLZEZLEBNZ B (1 RRZH.d
PR ) 4 A8 O ) 2 BROEUZE PR 4 o B
Fe M I+1 RELFEBERNZHERE XD X,
XD XYY AR )R N B ) A
2 XTIV SRR N de (U+1), FIHIAE LR 2
W 2% 725 ) 5 2 B S 4R BE 1 48 P ok B, A H TR
1 DNN #5358 XEB RIS AN E 2= E A R
i, BT LA DAPN A58 il DeepFM #EBIAH 1, 55 445 JL
AR,

3 XBERSHM

3.1 XHRE

15 B S 7E Windows 10 #2/E R 48 F #6147, 4 12
W5 7 Python3, HIA4fli A Pytorch ¥ % > HE 42
FEE L 3080T1 b R AT I I 2k, ) Ad-
am" VR SR AL AR A 5 BB 2 408 8 O« bateh
size H 4096, HFEF 1X10 *, embedding_size
16, YRR B R 100,
3.2 HESENWEMIENR

X H MovieLens-1m 1l Avazu W4~ 5035 4
PEFTSLH . MovielLens-1m ZUIEE 5 6 000 S H P
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XF 4000 HBHLEZ 9 100 J7 45 P B, Avaza B0 48
18 4000 T3 45 B il HAREOHE . K HiOHiE 4R Bl HL
FIAL A= 9 = 1 Y Lo B3l 0 D )1 22 80 40 A 0 0 3
.

ffi FH ROC it & F 9 1 B Carea under ROC
curve, AUC) Fl Logloss YE ¥ £ #) 3F 4y 38 5,
Logloss [E 8/ AL A B80S, AUC 1 {4 8
RARER i AR TG AR AL 1 M RE B4
3.3 KREXBERDN

DAPN 8 3= 2 0] 43 SR P R 3 55 — & 7 2
FLHE B R AIE 28 ORI R B A B 43 1 FM 25 55 —
4322 21w B 2 URFIE ) DCA J2, DCA J2 3] 43
RE R X E S0 2 )2 AL MLP #4y.
kg UE W A5E 0 235 g 1) AT 4P S T i T il S 2, O B AR
AT R IR 1 /R, modell: ZH FM 2 ; mod-
el2: 2= DCA JZ; model3: & # Cross Attention
Layer,

% 1 DAPN XEAHESH
Tab.1 DAPN key component analysis

Moviel.ens-1m Avazu
Model
AUC Logloss AUC Logloss
DAPN 0.8116 0.5209 0.7798 0.3741
modell 0.8089 0.5224 0.7719 0.3783
model2 0.8040 0.5409 0.7700 0.3793
model3 0. 8066 0.5321 0.7755 0.3742

H 2% 1 "], DAPN BE AU AE 25 bR AN R 4549 LU
BRI PEREHS A BT R IEW] T DCA JZ R FM )2 % A
RIPERE B AT SR TR .

3.4 BEINtL

¥ # LR® . DCNY | DeepFM™ | PNNM? |
DCAP!M S 5 Fifr i o 28 45 A L 1 Sk B i 2% 55 455 784
DAPN #1575 E . R FIE 52 56 285 5 ) 8% v el 4
PE 5 BO4E SR B 10 WO ZR4s S i B (8 . 4% 8
TF MovielLens-1m Hl Avazu Z(#E 4 1 AUC 35 5 fi
Logloss N3 2 is .,

H 2 2 ml A, % R ARAE 2 R B RS R B LR
ST AF LY G Al A58 70 3R 3 A 2, U0 B RR AIE 22 ) J2 A A
HRZWR DGR B 35 Y X REAE AT 28 AL A Rl AR e
RITERE . TEWDA P8R4 B, DAPN B AUC
FEAR 3 0 b LR BSR4 & 1 0. 162 A1 0. 25%,
Logloss $8bR#&m 1 0. 62% 1 1. 6%,

WH X - 8 W 20234 34%

®2 BJBEBERNLFHIEE LORT

Tab.2 Performance of each model on two public datasets

Model Moviel.ens-1m Avazu
AUC Logloss AUC Logloss
LR 0.7923 0.5399 0.7594 0.3793
DCN™! 0.8041 0.5261 0.7734  0.3754
DeepFML™ 0.8073 0.5323 0.7765 0.3783
PNN! 0.8102 0.5242 0.7779 0.3804
DCAPHY 0. 8082 0.5259 0.7789 0.3757
DAPN 0.8116  0.5209 0.7798  0.3741

& 4 FNED 5 o] DL A L [ B2 5T i B
AIEFIA B R A i 6% $2 w5 455 8 350 0 P i . DCPN [] fisf
% A B R AE 2 G R B AR AR AL A, 5 A S R
AL B BUAH H . 7E Movielens-1m ZUIE££ Fll Avazu %%
AL AR bR B AT, 5 H A 2w B A8 SRR
i) PNN BAIF1 DCAP #RUAH LY . 7 AUC #6545 I 43
WHEE T 0. 16% F1 0. 25%.0. 42% H1 0. 95% , 1
Logloss 4845 L4y 54 & T 0. 62% A1 1. 6% ,0. 12%
0. 43% . 5 AH ] 5 ¥4 ] Ak 2 33 I B9 4 A 0 85 B 4

0.84 1 [ MovieLens-1m
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Fig. 4 Comparison for AUC index of models
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Fig. 5 Comparison for Logloss index of models
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