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Click-through Rate Prediction Based on Deep Belief Nets and Its Optimization

CHEN Jie-Hao, ZHANG Qin, WANG Shu-Liang, SHIJi-Yun, ZHAO Zi-Qian

(School of Computer Science and Technology, Beijing Institute of Technology, Beijing 100081, China)

Abstract: With the rapid development of Internet advertising, how to predict the target user's click-through rate of Internet
advertisement has become a key technology for accurate advertising and has become a hot topic in the field of computational advertising
and the application of deep neural networks. To improve the accuracy of CTR (click-through rate) prediction, this work proposed a
prediction model based on deep belief nets and studied the influence of the number of hidden layers and the number of units in each layer
on prediction results by taking experiments on the 10 million samples in the dataset provided by Kaggle Data Mining platform. In order to
solve the problem of training efficiency of deep belief nets in large-scale industrial solutions, this study took wide experiments to prove
that there are a lot of stagnation points in the loss function of deep belief nets and it has great negative effect on the training process. To
improve the efficiency of training, starting from the characteristics of network loss function, this study further proposed a network
optimization fusion model based on stochastic gradient descent algorithm and improved particle swarm optimization algorithm. The
fusion algorithm can jump out of the stagnation ground and continue the normal training process. The experiment results show that
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compared with the traditional prediction model based on gradient boost regression tree and logistic regression, and the deep learning
model based on fuzzy deep neural network, the proposed training model has better accuracy in prediction and performs 2.39%, 9.70%,
2.46% and 1.24%, 7.61%, 1.30% better in mean squared error, area under curves, and LogLoss. The fusion method will improve the
training efficiency of deep belief nets at the level of 30%~70%.

Key words: click-through rate prediction; deep belief net; stagnation point; particle swarm algorithm; fusion algorithm
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Table 2 Description of dataset
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Fig.4 Curves of the MSE, AUC and LogLoss while training DBN with different hidden layers
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Fig.5 Curves of the MSE, AUC and LogLoss while training DBN with different units in the 1st hidden layer
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Fig.6 Curves of the MSE, AUC and LogLoss while training DBN with different units in the 2nd hidden layer
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Fig.7 Curves of the MSE, AUC and LogLoss while training DBN with different units in the 2nd hidden layer
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Fig.8 Curves of the MSE, AUC and LogLoss while training DBN with different units in the 2" hidden layer
8 MR REZSE 2 217 s 802k DBN # MSE. AUC F LogLoss fiiZk

T S0 45 T DU BE A B2 1 R B H AR N B CTR JUAl A8 ) 0 T SE 18 5 I I 43 2 A
Ay, 7 T B A R T a5 R AR e T AN B 8 B R AIE 2 ST R BN 43 5 T T R )=
W R 2 TR, S BU R AL A 20 13 T 78 23 RE TBOR AN [ PR i e T 405 SR 1) 52 Wiy A AR 28050 CTR (14 F301
g Rl T U E .
3.2.3  XfHuSE fe g )
AP REAT TASCHRAY 5 GBDTHLR J2 FDNN B0 s i, St GBDTHLR 88 454 e Il i 7 2
%% SCHR[2], FDNN B 45 4 Sz il 20 4 2 2% SCHR[B].
AT 55 3.2.2 AR 2 BOR A U572, 38 0 [ g 5 — S $edt A7 P 0, IS GBDT+LR LA S FDNN #5528 ) £
W25, I3k 3.
Table 3 Bset parameters of GBDT+LR and FDNN
% 3 GBDT+LR 1 FDNN #78 [f) d5 A 2 B i

B oY W

ORI T AR 10

GBDT+LR KPR 20
R 3

1 ZBROEUZE T S 170

FONN 8 2 SR 1 8 1700

2B 3 R RREUZE T N 17

T ] L S0 4 AN 3 4 T, AR SCHR A JE T DBN [ LI ) 4 CTR A58, CTR 90 4% 5 43 93 4 MSE
AUC FlI LogLoss $&#r LT GBDT+LR HIBLA ALY 2.39%,9.70%F1 2.46%, LT FDNN H{% 1.24%,7.61%F/
1.30%.1F #1 T DBN 7 RBa & 47 AE 5@ BOR e 5 5 T B2 0 3 O, B B HH PR 2 IR AR A B8 g s e 400 1) A4S 3 3 A, 158 A
TRV T I Rl A AR AE HLIE N T CTR TIUA (¥ A %8 TR 21 7 F0UT 1) SE 38 50 R

Table 4 MSE, AUC and LogLoss of GBDT+LR, FDNN and DBN
% 4 GBDT+LR,FDNN #iI DBN 32417 MSE. AUC F1 LogLoss Fi#x

[ MSE AUC LogLoss
GBDT+LR 0.1382 0.6497 0.442 1
FDNN 0.136 6 0.662 3 0.436 9
DBN 0.1349 0.712 7 0.431 2

33 AELEit

AT AT T DBN Bl 2 A0S0 50 DBN ez 15 s 250 S 560 0 i A5 28 5 T A 4SS 20 ) of L S 46 Wi 45 o
s o ORI B 2 1 B L R85 o A 25 o) T A AR 10 B R I 2% 2 1) B 7 4 B el 2 2 T e 22 1 o
T 2, 25 5 S REAE 27 20 1k T 78 90 W JE TR AN IR0 (1 8 0 ef T390 45 SR 1) 6 iy A ABE 7R S C TR 1 T 45 3 T+
AT E e 42T DBN AR S CTR TR 43 BI#E MSE. AUC I LogLoss fE4x L+ GBDT+LR (1 filt
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EH 2.39%,9.70%F 2.46%, {1 T- FDNN Fi%Y 1.24%,7.61%# 1.30%.
4 REBEMEINEHILEKRE

EK5 DNNPZ2 - Il 2550008 UL 1R b S ey S IeF, DRI ECAT B A7 4 11 32 B VI 2R i i 24
2% DNN H () — Tl DB A7 25 AR 7] A0 i 80 AR 5 351 0 46 453 2K o Bk, A BILAE DBINFA 08 2K R 3P A7 48 K
7 H S WU R 0% (A B e T R S B i R L, 3R T — Bk T SGD ANt Y PSO 9 M 2% I R L AL 505,

41 FRMAREEREMZINEHEMENSER

P 2% 1| 5 ) S 90
411 B mi 5 A E T

FEHUF 1 Hessian HH B & — AN 22 48 5 SR 08 2500 (i 0L R 1) D7 DOk B BB — S B0 3 F (X X
Xn), A7 BREE BT B O 5 B AE A, U F IS Hessian FRFE 5 i 504

H(f(x))i=DiDjf(x) (7
Horp x=(X1,X, ... ,Xn), B
[ 0%t o°f *f |
gx? X 0%, 228
*f  o°f o’ f
H(f)=| ax,ox, o ox0x, ®)
o f o°f o f
| 0%, 0% 0,0, ot |

24 Hessian %E Bk 1F 7€ $E BRI 3% 20 8 /M 5524 Hessian %8 B kg AN 5 FH BRI 12 m 0k 55 05
4.1.2  JEHARAE A
R AL T R RO B AR AT ) LR O, 9 76 A1 35 P H AR A K Bl e /0N ) A A A SCATE 5 ) ) Ay T 8% 45
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Fig.9 Curves of the loss while training DBN with SGD and Momentum
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Fig.10 Curves of the loss while training DBN with SGD in different initial parameters
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Table 5 Results while training DBN with SGD and Momentum
%5 HI SGD Al Momentum I|Zkx DBN ff) 45 5t

Hik EACIR B A 1 (5) Loss MSE AUC LogLoss
SGD 2194 3330 1974.20 0.1352 0.7126 0.4312
Momentum 1409 2 327 1978.00 0.1351 0.7123 0.4313

Table 6 Results while training DBN with SGD in different initial parameters
%6 1 SGD fEAFWIME 4 F 1 IlZk DBN 45 R

ik BRI 5 17 (s) Loss MSE AUC LogLoss
SGD #I1{H 1 2194 3330 1974.20 0.1352 0.712 6 0.4312
SGD ¥4 2 1808 2775 1 906.83 0.1351 0.712 6 0.4312
SGD ¥t 3 2 404 3553 1977.70 0.1351 0.7125 0.431 2

M2 5. % 6 TR AN B AR YCHN I 25 I i) 4], £ 5% 20 80 3 MSEL AUC F1 LoglLoss $5 AR A 25 1 /)N
T 1%. 1 b o] 75 4510 v o X 2% B 2K BN B 0A O AR AR A 22 TR) 25 S AR R, R RE A R 1) — AN RT3 52 AR A A8 A,
LY RAR AT DL A A& D 1.

w11, B 12 FrorfIE R SGD Fl Momentum YIIZkA loss B2k, B i - BEAb /N AR R 5 5 7 B S b 25
KA A S Bk /) T 1800 1 20 K AR U S B N T 22 7 T I S &k
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Fig.11 Curve of the loss while training DBN with SGD
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Fig.12 Curve of the loss while training DBN with Momentum
12 J1} Momentum Il %k DBN 45 2 il 2§

PRSI 6 e I e P A AR A R L)~ 2 1 T A B PR s AT B 23 ik 38 TR B 37.95% 11 59%. it ] 11
ses B 12 g BT ER T B SRR AR K R
413 54

P AR S T B RS T 0 1R R, (TS I AR 2 AR P (1 B 5 /M i, RIZE 26 75 ) b 8 p0mT DAk 8291 45
IR SEI N T SGD A Momentum $532: 5 (1453 2% B B T Bl B2 SR 58 4 SRR WAL A SGD 592
A1 Momentum S3LEAT YIS 1 Sk Rt ep 358 2 oA B 00 B8 R £ A W S RO I B T A BRI i o 25 BB 31 22 8
P DI A5 2 R 5 B A X S X B P R B TR R 2L B 11 0 e B 12 0 g A, HA s O

LA T SGD HIEAE AR SEIE M S 56 o AN B JE — B T AR AR 5 7 T A L 1 AR B R 24.18%
L0 8% ST A, Momentum &35 124 54.34%.
414 ST 54it

—J5 T, E CTR TR A vl 850 1) v 44 193 4% o A0 S008I PR A [ R AL 50 B 56 485 TR [ S e A O, BV AS 75 B K o i e
S SRR 1 0 R ) — 7 T, S, BV AR A A e ) P U R 1 R s i AR 8 K, B R B R SGD Sk AT
62.13%. { F Momentum 3] 47 59.34% )ik AR 75 5T sF 1A BEAT X AR R b4 58 1 199 45 I 2R 1 2 6.
4.2 ETHEHLESE T MU BN FEERIN ML E L
421 RETERRE

6 HH S A T B S U L Hessian R B (19 15 52 0, H S S 28 S ) O(n®), HLAE B 2B 1R B 0P & 1
ISR FIRE S 9418 AR IR 28 3 1 IS 50 45 -, kAR K /N T 0.3 B 4T mT REBA NI 5501 6 O T Ak o 480, LA
S A O A Rl D7 VAT B TR AR AR TR A v 1) SGID A A BRI A0 T AE BN I AT & I 0% PSO B
AR Rl O VR OV ARES W ] 13 BToR SLvR AL E Wi e 14 BR.

W1k 1k :Set last_loss=co; loss=oo;

il N RFALE ) ek

gt N SR AT DBN A 20 R 1 2R 55
AR

while !StopOptimization(-) do
NormalAlgorithm(-)
loss<—CalcLoss(-)

if last_loss—loss<threshold then
PSOAIgorithm(loss)
loss«<—CalcLoss(-)

end if

last_loss<«loss

end while

NI RONE

Fig.13 Pseudocode of fusion method
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Fig.14 Flowchart of the fusion method
K14 EERERER
422 REHLELET BrEL

FFAE ] SGD VE A FERbAL A 53k 586 N B 5535k (gradient descent) Flt &4 & K [ (batch gradient descent).
IEANTAN IR & :SGD A3k vF B4 2% bR 1) 155 S 8 00 D 5 850, 0 A 58 0k AR B T e — RE AR AT B B %.SGD
LAk ek 20 A A

0
@_Q_a?aj(e) 9)
i ORI IS 50,3(0) ATVR R B, oy 24 ST R BV R R BUE T7 2, OB A
30) =5 (0, (V) -y (10)
X 04
6, =6, — a(h, (xV) - y)x? (11)

o xOP R Kl b 55§ MRS,
4.2.3 SRR RERE
BT HEESHUD 5 TR IF BT S 9y gt A R &S0 AL UL ol 2 T 2 I G
128 G ) T S R L R I T R A SRR i B P T, St T AR VR RUAS £ PSO 3% ST N PSO I H IANE T F-
FRR B AR A 5 T 0k L 0 RSP S 1Y) PSO FERIAAR AL« 3B AR 4 I 48 7 1 35 S5 b v RUAS AN 7).
(1) Wikt
HHE ) PSO 5301 SE WA LW HE KL T Po, JiAH 25 T DBN wh 75 B I 2R (K S 50U 3 4 1% S0 5 A pp e [
1B U — R B Wk ifE PSO H IR 8 AT UR R+ Po AR A BEHEAE AR B b — VAR 7 ) FHEE 2,
BRI 7 ) BB R &N YR N5 B BARTT i A ASER L 45° B BEATLAEL R 1~ S5 B0 a6 kL 1 R BE 2 R
NR G B OEARHTRE S KAH R B BEALE, 2~ a0
Add=rand(M)xLastStepy; (12)
Pyi=Pgi+Add;+Mxmax(Addy;) (13)
For Addy 255 K ASRLF IS | AN S50 3 rand (M) A2 (2380 0T =M, M T¢I B L e 3 LastStepo 4 B AR 4 i
MNZHIP K max(Addg) 2 8 T 5 k AR T 2 800 5 KA.
(2) HAQ
IR R Shsv PSO SEAH |, i s BEAN KL 7 14 7 s e U A8 AN I RE T 1R 7 S8 e DAl BT A X
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(1) FAA X AB)THERLT T — A &
speed,; = (wx speed,;_, + clx rand x (SelfBest,;_, — B;_,) + c2x rand x (OveralBest — B, _,)) (14)
Pi=Piit+speedy; (15)
Horh speedy; F8 28 K ASRLT A | S S B RIS ARE Kw BB BRL 7 B Ok AOP KRR B T B — kAR R 48
PE;e1,c2 I3 ) AN A 2] AR A Ry o 20 38,03 i e B AN A g S B A 5 2 R4 B R 2 R A R R A S AL Y
Ze;rand S 0~1 FIBEHLAE. th 145 B2 ) MR R TR 1) AR R A SORE 7 21 B8 8 KT 1B, AL c1,02 #JBEE
H 2.
(3) IR/
BT A PSO S IE AR5 BRSO — AN W AE 55, 12 1) 0 3R B AN B S 1 BASM ) 55,25 R P R G 00.
a)  PSO HVE G HE B SR EE R BAIR, J T ff DR Rt R0 IR AR R 5 0 PSO BVE I AR I I B
b B B SRAE 8 B A ARG SRR AT HR B SE ST AR 0 A B AT IR L AR SR &
5, AR kAR H B Ry 10 IR
b)  WURARIEARKEL b IR SRR RN T 2 S AT T USRS s B Sk R B s R 1 B A B )
BRRE T Po IR 2R A AH 22 KT AN B AH, U 550025 B D3 AT a8 H AR 4 SI2 56 2 6 e Ak 01 % 0 30.
4.2.4 Momentum {4k 8%
Momentum 352 35 T Bl it (0 O A 55032 A% 00 S AE T/ M T R B2 BN E— Uk R i 3 &, 1)
AX=—nQrt pAXt1 (16)
Horp Ax A AR DGE DK Axeq A EIGERD A, ok 22 21 2,90 A B UGEARBE L ook b — UGEARRI Bl e 2 8 A8 3
5 F Momentum HL A6 FEVEAE Ry 0t HE AT, 25 LRl & 50k AL 28R
43 NEMUBEZEHNEEEER
B ) A W SR, e A BT R TR A £ ) 4 B IR R R, K 2 B SRR
W I 2 3] BN T A A SRR BT T T TS R A A T8 SR A X P LS AT I 208 R LU AR S AF T L G
AR R 38 e DGR AR T 3o /N P 2 ) A R A WO S0 P AR 18 AT T B R [R] 27 ) 3 IR SR IR UR.
431 BUNFIRES
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Fig.15 Curves of the loss while training DBN with SGD, Momentum and SGD+PSO (learning rate 0.008)
15 Jf] SGD,Momentum /2 SGD+PSO Il DBN 45 2% ih £k (%% =) % 4 0.008)

AN ] AS [R5 Loss | B B2 AN [R].SGD £ 55 SGD+PSO #9% Loss I 2k 7775 W IR AS B, 75 1%
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FRIREIN T 58 1 IRAZ s Rl 505N B g BE DR L J5 51— SGD Sy 1 ol J32 Sl AHLAE Loss fEI& 3T 2 000 I,
L SGD Sk T BR#E TP 42, Ba N T 5 hSF- 10 T Rl Sy i D5dE A PSO SRkt 1 2 1 1, AT 4R 28 1
NFE3 R EE IV R IAE DL LA 7.
Table 7 Detailed result of training DBN with SGD, Momentum and SGD+PSO (learning rate 0.008)
£ 7 J1 SGD,Momentum }2 SGD+PSO 1)IIZ: DBN {140 &5 B (2% > %y 0.008)

ik IEARKEL I} (7] (5) Loss MSE AUC LogLoss
SGD 985 1558 1982.23 0.1352 0.7125 0.4312
Momentum 1139 2043 1969.85 0.1351 0.712 6 0.4311
SGD+PSO 614 1182 1981.29 0.135 1 0.7125 0.4312

Wil 16 s e 7 HIIX 3 A S I BE IE AR 2k s 0 T BRIR BE Y log (. ZEAH R S 400 A8 D Ak ak
AT DA A % AR T PR 5 40 mT DA% 1) 76 s 4 LA b ] 8 iz, e AR BRI 4y 0.3, U157 509 N B B 1K) log i34
KT-—0.5.3K 1iF HH fil& 032 m AR K bk 2D ) 2% 75 B3 AR 1) W0 BORT BT ) 2L Ak bt A6 P T il 005 ARk O R %
ARIREE A SGD 311 62.34%, 1A% FH I 2 XAl H SGD 53411 75.87%.
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Fig.16  Curves of log(Aloss) while training DBN with SGD, Momentum and SGD+PSO (learning rate 0.008)
Kl 16 H SGD,Momentum % SGD+PSO /Il 2k DBN I 45 k3% A% loss [ log 18 (% > %4 0.008)

432 BKFERILR
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Fig.17 Curves of the loss while training DBN with SGD,Momentum and SGD+PSO (learning rate 0.02)
K 17 i SGD,Momentum % SGD+PSO ¥IlZ DBN 451 2k i £k (3 > % 4 0.02)

N 8 7R A 3 Fh A M VRGN RIS DL AL 2% S R BRI LU T, — SGD 5141 Momentum 5k AE15 4G

SREFAEIL T Loss B 01 O, 1 @l G SV R R RS R RS 3 UE B T @G 5325 B8 3 N B0t (1) 2% S SRS
Bl AR I R AR VR B B S SGD 5303511 22.35%, 1 4T A I A] 2 SGD 4325 19 35.09%. [) ), Bl & 4 vk kAR
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VB B S Momentum 523511 37.15%, 3z 47 IS 1) ) 4 45 & 44.85%.

Table 8 Detailed result of training DBN with SGD, Momentum and SGD+PSO (learning rate 0.02)
% 8 J1l SGD,Momentum A, SGD+PSO ¥II%: DBN {14 &5 B (2% > F Ky 0.02)

ik BRI I 7] (5) Loss MSE AUC LogLoss
SGD 1181 1750 1998.90 0.1352 0.7125 0.4312
Momentum 705 1369 1955.61 0.1351 0.712 6 04311
SGD+PSO 264 614 1871.80 0.1351 0.712 5 0.431 2
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Fig.18 Curves of log(Aloss) while training DBN with SGD,Momentum and SGD+PSO (learning rate 0.02)
18 i SGD,Momentum }; SGD+PSO )l 2 DBN I 4 ik AL loss 1) log fE (% = % 4 0.02)

433 ik

AL DBN BRI ZRA AL il 5 505 A8 ] SGD A A SR AL 53k, 12 S0 02 e T O DNIN SRS 14k
L — R I AF AR N 58 35 (1 Sy 3, VI R BE B i 11 D Bk R 531K PSO Sk 2 80b, o) TR % JF R
17 LB WS s N RS S L AR BRI A Ao 90 2t I R AR 2% 42 1 R a8 AT L £ I 28R
XTEE RUREIE, AE K PSO SVAIIAIAARE . I AURIR I Wy AT 5k 2 i AR SR A PR Rl AR IE AP /D T
(L I P At R PSO SV Hh B s~ 1T, A VI Rk R v 1 7 9 4R T B A 280

FERL/AN A 2] FR K 2 2] FR S v S 45 RIS UE W] 17 AR SC R & S0 PR A R S0k B R AR IR AR B A s
AR 8075 AT O GETH B 17w m] DUAR B 4518 24 2 2] SR BN BEUGE AR loss (11 A 52 458/ AR X i, 1]
18 mh s BRI 27 2] R BRI 2RI (15752 .

2] AR, R PSSO SEIA SR 2, Rl S0 I 10 5 ) A58 K ) 27 2] Rt R A SGD 5.
Gy S I 8 M R A 2 R R /IS BT T 41, SG D Sk AL A sk % 18 B gk T LA v 24 Bk R RO 2
(K9 225 11, I 246 453 2K R KSR PR ARG 52— LA 9D (10 7 35, RIVUI 0 28 R AT S A TR0 328 B I B KR 2 2] R e A AR K
B B A 5D AR BN T B AL 0 /N S 2 7 A TR T IX 2 e Bkt B PSO STV M I AH S 227
2R BUN A IEACHIAR I AR N B B AR A, ORI B B2 i 203 Y 5t 28 PSSO S09E5 (1 B (i 7 22 1K)
IEANRBOR 2 X e BRI T Rl Sk o,

ALK 2 30 AR R S A B RCR IE AR TS IR, SE R A S R R R AR G LR R

L, DAL, e KR 27 20 AR B AT AR AR S I AR LU AR S 55 4h 2 2 R Bt e e A A 5t B PSO 3 i I A
HERIG 0,100 SR PSO SEVARIE M ARAR T SGD ik, iX 25 3 B M 45 Ak AR 1 [

5 SHESRE

AILFIN DBN ZEAT CTR Wifl, 45 7 S5 K L2 Nk 05 12, T L S0 T 17 AS [l FRD e 2 J2 00, a1 i 4
H ELBIEACE JI0S FIU00 25 R 100 52 00, 55 SEAdRE R 10 TR 45 AT 0] L2 W7, SEIRAIE W] T A ) DBN A Fg i 8
R Rl 5 B R EEDUAT () CTR FilAli 5 ILSVL AT A 19 CTR FiAd R, A K £ MSE. AUC A1 LogLoss
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$EAr_EAL T GBDT+LR i (1) il & 457 2,.39%,9.70%F1 2.46%, {1 T- FDNN #5714 1.24%,7.61%7%1 1.30%.

A Ak S J7 T, 8 e SR AIE W T AE CTR FAl 1) F3UfK) DBN AR v B ot 9 48 I 280 AN 45 AT 1R K 5%
Wi B 45, AN SC AR B DB $d 2% bR 50K Th N B0 B SRR AE 32 T — P 454 T SGD M1 PSO [l & vk . %l
B EEAEIEAOE K /N T R I AT LUK S 3 i ST, 4 482 10 0 0k AR I A SR B0 &5 SRR W Rl SRR RE I IR U Hh 5
SGD {185 PSO [R5 T G A5 AN T i ) 285 1 5 5 I AT 48 R 32 v 17 48 DI 25 1 3R 30%~70%.

A SO R R A ST 5 S AR AR B (1) 76 DNN YN Zih ] R R 3 B 22 SR B2
IFFTN G R AIF 5T T 128270 o R A SR H () R A S0 IR S B B 2 (2) A SO I {2 5925 4 W B A 3
P, R 20RO B SN G N1 AT I R 0 B A YT (3) TINEE BN Y 5, 2 AR SO Rl A
ST HAR N 3 50 #9 DBN 5% DNN & 75 7776 3 58 1, DL AR SO0 9% 4518 /) — ek

References:
[1] Zhou AY, Zhou MQ, Gong XQ. Computational advertising: A data-centric comprehensive Web application. Chinese Journal of
Computers, 2011,34(10):1805-1819 (in Chinese with English abstract).
[2] Atkinson G. Search engine advertisement design effects on click-through rates. Journal of Interactive Advertising, 2014,14(1):
24-30. [doi: 10.1080/15252019.2014.890394]
[3] He XR, Pan JF, Jin Q, Xu TB, Liu B, Xu T, Shi YX, Atallah A, Herbrich R, Bowers A, Candela JQ. Practical lessons from
predicting clicks on ads at facebook. In: Proc. of the 8th Int’l Workshop on Data Mining for Online Advertising (ADKDD 2014).
2014. [doi: 10.1145/2648584.2648589]
[4] Kennedy J, Eberhart R. Particle swarm optimization. In: Proc. of the IEEE Int’l Conf. on Neural Networks, Vol.4. 1995.
1942-1948.
[5] Piao HG, Wang ZX, Zhang HQ. Nonlinear control system of PID neural network based on cooperated particle swarm optimization
(PSO). Control Theory & Applications, 2009,26(12):1317-1324 (in Chinese with English abstract).
[6] Chapelle O. Modeling delayed feedback in display advertising. In: Proc. of the ACM SIGKDD Int’l Conf. on Knowledge Discovery
and Data Mining. ACM Press, 2014. 1097-1105. [doi: 10.1145/2623330.2623634]
[71 Rumelhart DE, Hinton GE, Williams RJ. Learning Internal Representations by Error Propagation. MIT Press, 1988.
[8] Shan LL. Predicting ad click-through rates via feature-based fully coupled interaction tensor factorization. Electronic Commerce
Research and Applications, 2016,16(C):30—42. [doi: 10.1016/j.elerap.2016.01.004]
[91 Zhang Y, Dai H, Xu C, Feng J, Wang T, Bian J, Wang B, Liu T. Sequential click prediction for sponsored search with recurrent
neural networks. In: Proc. of the 28th AAAI Conf. on Artificial Intelligence (AAAI 2014). 2014. 1369-1375.
[10] Chen QH, Yu SM, Guo ZX, Jia YB. Estimating ads’ click through rate with recurrent neural network. ITM Web of Conferences,
2016,7:Article N0.04001. [doi: 10.1051/ itmconf/20160704001]
[11] Jiang Z, Gao S, Li M. An improved advertising CTR prediction approach based on the fuzzy deep neural network. Plos One, 2018,
13(5):Article No.e0190831. [doi: 10.1371/journal.pone.0190831]
[12] Mao Y, Shen J, Gui X. A study on deep belief net for branch prediction. IEEE Access, 2017. [doi: 10.1109/ACCESS.2017.27723
34]
[13] Rumelhart DE, Hinton GE, Williams RJ. Learning Internal Representations by Error Propagation. MIT Press, 1988.
[14] Sutskever I, Martens J, Dahl G, et al. On the importance of initialization and momentum in deep learning. In: Proc. of the Int’l
Conf. on Machine Learning. 2013.
[15] Krummenacher G, Mcwilliams B, Kilcher Y, Buhmann JM, Meinshausen N. Scalable adaptive stochastic optimization using
random projections. In: Proc. of the 30th Conf. on Neural Information Processing Systems (NIPS 2016). 2016.
[16] Wang L. Damped Newton Method—An Ann Learning Algorithm. 1995.
[17] Lo TH, Gui Y, Peng Y. Overcoming the local-minimum problem in training multilayer perceptrons with the NRAE training method.
In: Proc. of the Int’l Conf. on Advances in Neural Networks. Springer-Verlag, 2012. 440-447. [doi: 10.1007/978-3-642-31346-
2_50]



3682 Journal of Software ##F34% \Vol.30, No.12, December 2019

[18] Chen YJ, Huang TC, Hwang RC. An effective learning of neural network by using RFBP learning algorithm. Information Sciences,
2004,167(1-4):77-86.

[19] Hamey LG. XOR has no local minima: A case study in neural network error surface analysis. Neural Networks the Official Journal
of the Int’l Neural Network Society, 1998,11(11):669-681. [doi: 10.1016/S0893-6080(97)00134-2]

[20] Im DJ, Tao M, Branson K. An Empirical Analysis of Deep Network Loss Surfaces. 2016. https://arxiv.org/pdf/1612.04010v1.pdf

[21] Bishop CM. Neural Networks for Pattern Recognition. Oxford University Press, 1995.

[22] Dan C, Meier U, Masci J, Schmidhuber J. Multi-column deep neural network for traffic sign classification. Neural Networks: The
Official Journal of the Int’l Neural Network Society, 2012,32(1):333-338. [doi: 10.1016/j.neunet.2012.02.023]

[23] Dauphin YN, Pascanu R, Gulcehre C, et al. Identifying and attacking the saddle point problem in high-dimensional non-convex
optimization. In: Advances in Neural Information Processing Systems. 2014. 2933-2941.

[24] Schenk O, Wéchter A, Hagemann M. Matching-Based preprocessing algorithms to the solution of saddle-point problems in large-
scale nonconvex interior-point optimization. Computational Optimization and Applications, 2007,36(2):321-341. [doi: 10.1007/
$10589-006-9003-y]

[25] Jin HH, Chen J, Tang Z, Zheng GQ. Learning algorithm for solving local minimum problems based on Hopfield network. Journal
of Tsinghua University (Science and Technology), 2002,42(6):731-734 (in Chinese with English abstract).

[26] Zhang S, Fu Q, Xiao W. Advertisement click-through rate prediction based on the weighted-ELM and adaboost algorithm.
Scientific Programming, 2017,2017:Article ID 2938369. [doi: 10.1155/2017/2938369]

[27] Song G, Zhang J, Sun Z. The research of dynamic change learning rate strategy in BP neural network and application in network
intrusion detection. In: Proc. of the Int’l Conf. on Innovative Computing Information and Control. IEEE Computer Society, 2008.
[doi: 10.1109/1CICIC.2008.668]

Bt 325 % STk

[1]  Jafse, gy, e 2 R vk 5 4 DA S %0 1) Web £54 B L 1F 5P 4% 41, 2011,34(10):1805-1819.

[5] Ahifg [, AR, Tk AR50 B T AR R T BERLVL I PID 440 N 4% A1 4 1k 4 1) 22 6. 47 1 #4855 1, 2009,26(12):1317-1324.
[25] it AR 91, R 0B, 408 R M2 5 T~ Hopfield I £6% 18 Al /NI 1) 78 27 53 503k 3 A8 DK 27 22 R (1 AR B 22 i), 2002,42(6):731-734.

BRZN I (1984 —), 55, ) AR EI NN I+, SE YR $5(1991 —), L A, B SR
i SR T, 3 SR ST U A B R TR
48, K Hs v . - -

)
y

A ER (1994 —), 55 Hil =, 3= BRI 9 AT 1
H &

B
BT (1993 ), 5 A+, 3= BRI ATR

& .

e

-

€

A b
1 ¥

EWMR1974—), 5 ¥ L5, 20 L
S0, 32 BERE 5 AT 4% 1) B 5 3




