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Click-through rate prediction of online advertisements
based on probabilistic graphical model

YUE Kun, WANG Chao-lu, ZHU Yun-lei, WU Hao, LIU Wei-yi

(Department o f Computer Science and Engineering , School o f Information Science

and Engineering , Yunnan University, Kunming 650091, China)

Abstract; CTR (Click-Through Rate) prediction can be used to improve users’ satisfaction
with respect to the presented online advertisements (ads) and support effective advertising. CTR
prediction is the basis for personalized recommendation of online ads. It is also necessary to re-
commend ads and predict their CTRs for the users that have no historical click-through records.
In this paper, we adopted BN (Bayesian network), an important probabilistic graphical model,
as the framework for representing and inferring the similarity and the corresponding uncertainty
of the behaviors in ad search of different users. First, we constructed the BN to reflect the simi-
larity between users by means of statistic computations on the historical records of user’s ad
search. Then, we measured the behavior similarity between the users with click-through records

and those without records quantitatively based on the mechanism of BN’ s probabilistic infer-
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ences. Consequently, we predicted the CTRs of ads with respect to the users without historical
click-through records, in order to provide a metric for ad recommendation. We made experiments
on the training data of Tencent CA from KDD Cup 2012-Track 2 and tested the effectiveness of
our methods.

Key words: computing advertising;  click-through rate;  personalized recommendation;

Bayesian network; probabilistic inference
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HETEVRRBEAENAPAMTAE B3 HEASZRERYT EHF#HTHE
W R B —FT SRR, B S EIRE S E BB E, E) 5 NERE
BANEAGR FAEREHE=F N HEXNREF LR SR EIRTE.
LATEHBEM &M E Rk BT S RE MRS EERTRE RS & B
B R B8 A 0 Ak 25 5 T B [ R

EREM HEEFNEEERXNRBRAEN, T FE M EExECBAMNRHE KT8
%% 75 2 0 3% 5 5 1 88 (Pay Per Click, PPC). I~ 4 % i f % 3 4 1K & & 28 B (Cost Per
Click, CPO!M ;T4 iy #  TR B A S B (CTRO R T/ & A ik 25 W & CTR x CPC.
BT AT SRR N HE R B R E B, B A 00%, T HHENBERKE
BAKNKE RFELCTR M ERBERMHOE, B2 RAX CTR #t17 ¥ # &
W, AR — BB XA LR B SRS, W BT RS AP X RRT &
MW ERE. Fit,CTR Bl 28 E8E8 PN — 1 REBRE, b ERFXH R B
B #E.

AR, CTR R BERRTEXE . CHF LM R, FI10: Regelson P # i
ETHBRRERNITE, AUBRAFHEEEAS K CTR B 58 ; Agarwal £ % F
R & Xt 4 BT R #ET BT 45 B9 CTR; Richardson™ il Chakrabartit™ 43 51 42
H T 3 F Logistic [ 14 (Logistic Regression) # CTR Tl 77 . AW, iR THE{E X &
FHEFPHE CTR BIAN CTR T A 5T SR GHAEMAFEAAEE X, HEA
% A T AR P KT A LR, '

Hag b EEENERIELEE.CTREBHNSHP M EBEXR ETITAE
] (Behavioral Targeting, BD) @ KB AP MR, BE xt kb h AR ET &, A&
BERKTER CTRY Xt B —RAEREHN T X —BENEKXHHRBERTELRA
B% Hht, d TRAEEER S SAHIORNAL  MEEL B HLERE S, HFBERS
&1 CTR, AT A B 0 R MEL R T &, SH P e 4 8A S dic ®et, i iE
WA B AT AR B EREAN M CTR? LR ERMN SN AS, A
PHEAHICREERERE, WIEXHENEETETHAPRIFRBR &8 CTR?
RET BTRE CTR W FEMARERARAFNZEET S@RTAFTEAOHEUE, BRE
BRAFAESTIEROA P X4 CTR Bl Y 6] 2.

Ret, RATEZD /N CTR BUEMKT & G RERIT N WY ERiE%,
LR P ZEAT AN HES B ZFEEAHEN M BRI TEREERF R B &
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REREFRPITAPRASWR P AU REARHEEE, T H#E T E, Bk ik
¥R P ARG BAT AR AR F &8 CTR Bl 447 .

Ve —F EE MR E AR, VBT (BN) VO B IR B o8 M 0 38 7 R T 9 SUE
28, A BB EIC MM Z M A, & T BN il GBI R B S RE S
] B4 AR St R AR B AR B, BN LA [6] 525 B (Directed Acyclic Graph, DAG) &I 36 7R 3% F K
X R, BG5S W& 4 %5 8% (Conditional Probability Table, CPT) & &b R &
FMKE X R EFER ETHEHTENERCHEA T/ &8 CTR B+, # .
Dembczynski 1'% 45 H T 2 T KRB A CTR B ¥ ; Graepel Z R T —F L
B~ 4 i (Binary Prediction) I B H: , 7 25 £ £& J1 i 37 48 2 [8] 13 (Online Bayesian Proba-
bility Regression) Bk, H TR BB R 4515 H T # CTR Hiill; Chapelle %1 3% & 3|
CTR WA SR, B H T H F 3 & 0Lt 87 W (Dynamic BN, DBN) ) CTR i ]
B8 xR P B R o o R AT BB, 4 B A T SORS A R BR A S R A 36 5 UK
(15]% BN 5/ MR M HE S A TELREAHEERE. B2 XX FEBREBRET
BN 27 FP (8] A8 BL0E , 3F 38047 1 R HE BT

METRAMAEE L HP Z B ETERT SMAESETA L RMEUE, 3 BXFHE M
HEEARHEE. B, AL BN ER B & B RITAPRPAMXRHESE
28, BN W RHEHE R BB ERHA P ZRGHEMUE, AT 3R 4,
BRAGYAHIERMAFPSFENE SHIERNAPZEFEN) HBRITHOMALL
P, BET A S e R AP X TSR CTR.

BEmME  AXMARFELQEU T =HE.

(D AP RE A THERBAFE SHRITATEMHEMUXR, A0
F BN G T H P AHMBER AR, 7 P I8 R (User BN, UBN), 345t DAG #5
#iXx— BN g p @A S B X AR SN R IR H#T RN R, SRR
UBN Hy 4 8k,

(2) UBN WiE AR #EH A CTR WM. £ % CTR B [a] &, 4 3C & F Gibbs %
BEUOT 4 1 UBN BT R B % M AL R EE EAR S R BARL AP,
AN EAE Sdie gk AP T &8 CTR.

(3) LW, 2 F KDD CUP 2012-Track 2! sf (U $00 88 , R AT B WK T 4 3¢
# e UBN g GE I K& CTR #ill 5 #:. UBN ME R R HEHE KR .CTR Bl 4
REBBZ T AN IRERRN,. A XETHEEEMW CTR Bl FxAEA WA
1.

: ACH 14 H UBN Mg R HE 35 2 144 1 UBN (30 ol 4 28 00K A A b
B CTR BMI 758 3 WAL SR RS E 4 VRSSO BEREN TIE.

1 ApPAAmER

BRI EX - HEMELEERABBANXRBEARRRT . EIEAFRANT
HEEMAFEN K ERRTH . BRTIARBASERRE ETH,. FTESHA,
HRWRIT NIRRT M.

EX1 BREU={U, U,,, U}, K={Ki, Ky *+, K, }FI B={B:, B,, **, B,}



18 ERIFTE REFER B RBE R 2013 4

SRR BRXBEMERITANES HH B.=(By, Bas -+, By },B; EK,1<<<
n A<G<LH, By ZARAS U, #17 — I R XM i7, R RITH. AP U MER
WEXN—ANZLHC, = WU, M) M ={B; |i=1, 2, =, L}, iR 5K H K

Bl1 HAPU WERITHNESHN B ={By, Bzs Bs, Bs}. 0 B, .B, Bs 1 B, 3R
FKBEFHHN K K, K M1 K G UAR U WERABN C=WU, {(Ki, Kz, Ky, Ki}).

.1 FAFHEPEREE X

RN E—4 DAGG=(V, E),FHERE VMG TS S, OS5 AX M —4
BEMLAE B, 45 SRS X M BE AL B ME E P HA M RoR & SRR KRB R, R
FEMNGESE XBEHEEYX#Y; X, YVOBHERB . KX BYH—IMRER TR XE
BGHHRXEEER Pa(X). 188 X #A —3 CPT, UG A EMNEZE AHWE
M. 2 F BN MEAMEFE L 1, FE4 H UBN M, /52 CTR B r B AL 224t

EX2 UBNH-ANZTHG=(Gy, PYExR,Hb.

(1) Gy =W, E)3 UBN §§ DAG &#,U={U,, U,, *, U,} i Gy W& EE . B 5
EXN— N FEBRARZNMAP ARAE ERXRRAPEPHEMUXR U BER 150,54
BIRARU, BREFEHETN:EFRERARAA U, WU MEU, BU B—MRESU 8
KR BERRHA PaU).

(2) P={pWU;|PaU) U, €} A EHBBESFWES HEE S CPT P E XS
BHEWR, p(U | PalUUNERGEEU, EEHXESWEZWT HRGEE, FAR#ER PaUD
PR AT U, KRS R .

1.2 R HE U i H

DAG Hyf B2 BN WER LB A", BT DAG Ai A5 it B&/ 4 50 CPT. B
B, AT DAG MHEERNE S THERE T BB EIERNEITHTEME UBN K7 k.

UBN F A [[#14 E B AP RIMHEUXR BFOTHEANTENEE:© AP
REGEMYUXREEEHHE);Q HUXARMIBRGAKFED. BN, EREN &
BERBLICFRP.EEACERERT B P&, I BT AP 6 B8R 5 50 8
%, 5 26 B P i 1 AT O s L.

it REO, M FEERENRAS RIIZEXFHE AP R 8RS8 8 S iR
1T B9 5% S8R B L AR, 2 R R, U5 A P R R 0 5 5 T B R T AR 0L A, AR X
ARAPS RS EZAFEE—-KUZEEINEN XA, TEHSEETHHEERIZRE
WIHEMRAFRMEMETTE TR AP U 5 U, WAEMUER simU,, U)FRR:

sim(U,, U;) = N(M, N M,)/NM, U M)). €))
Hb.U MM BC=<U,M>H#HA MMM ZrAPU 5U, BERIMXREALE,
NMNM) AEFEBENEGM UM, RRAP U 5U, BRI XRERE, N(M U
M) R H b REFANE NMNOM)YA NOM NM) A F 83T C f1C, BEiHiHE
3. ’

We WAEHMERE WY HERF U 5U, WHME simU;, U;))>e i, A
PU SEPU, BEMUK. BRSPS U SHP U, SRS SRGEE—FLHA.

HXREQ,.RINEEBEEHNFAHENE L IH AP HERIER D HEXE
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BT (5 & B 5558 T Y Ho 1) S BR T AT TR DS BT o5 S A 2B Y L B 3% b BB B R P B
RGBT 45 N T LB B R 3t AT BB ; 2 F T 8 B AL R A48 ), AT
BmFm. TEAHETHHRERICREITERANAFRERXRM T E AP
U, 5t U; %B8KEEH DU UDER AP U, 3T U XBRKEER DU, lU)ER:
DW, |U) = NIM, N M;)/NM,),DWU, |U) = NIM; N M))/NM). (2
#PW,|\UH>PW, U, MERU, MU, XBRKBEBREST U, XU, XBRIKBEE,
U MU, ZEBHEEDNE U, FE U, XEWRE.U, SE30 45U SE0TREES
BK.
B2 BT LU AR URE R DSER K BE B B ARHE, AT 45 2] UBN i DAG 4589, 1 7]
A5 HiTE UBN £4 S/ CPT, A& 83 UBN. —/ME 4 UBN R E 10 1 FiR.

A

B D F I 3 1

0 0 0 0 1.0 0.0
0 0 0 1 0.0 1.0
0 0 1 0 0.0 1.0
0 0 1 1 0.0 1.0
0 1 0 0 0.0 1.0
0 1 0 1 0.0 1.0
0 1 1 0 0.0 1.0
0 1 1 1 0.0 1.0
1 0 4} 0 0.0 1.0
1 0 0 1 0.0 1.0
1 0 1 0 0.0 1.0
1 0 1 1 0.0 1.0
1 1 0 0 0.0 1.0
1 1 0 1 0.0 1.0
1 1 1 0 0.0 1.0
1 1 1 1 0.0 1.0

(a) UBN i) DAG 5%y
(a) DAG structure of UBN

(b) 55 AW CPT
(b) CPT of node A

A1 —AfE 88 UBN
Fig.1 A simple UBN

St FAFE n A4 AR DAG, R (D MPITRECH O*); EHRR BN A # R K EA
At m A, MR OB ERELN OGn) s ;1 F & 8 Rid RO B, B8 € 01 J7 68,
R QWIITFREH T Z /DT On®). Hik, Y _EFEFIFE O(mn®) B (8] W H 2 DAG. KT,
EFRESERRERE . M EEBEARENEER ETAXWHEHNTLHEER, 8
SHARMEN T ERERICERWEER, RRINSBEEFRK LE.

2 A FUBNw#im®E & CTR & Him

2.1 UBN HE{MEEE %

EFE L2 WAL EACEEREE simWU,,U) TUABEEEHEEAMERY
P AR ZEAEEREESKEMEEMALRR, BEEAN% EMA UBN KRR
BU A — il A i 7 2R AR B E R Bl B A P AR &R L O CTR B 22 2.

EF BN #TAEBE KRR RMEERNITE, Z BN #HENEASES. £T BN
RAE SRR, AT AL A E IR AT H B TRBREN AR ER. I TET UBN 2R
MW SRR R PR SRR A ERA AR R, BAIA A BN f 5 R#EEH
B ARG SUOESE CHRTA PO T H M4 S A0SR /E A UR P ST R IK SR

SR, BN AR LA S BGT B MU R AR A B X AR PR 5
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IR AT S bk 245 K B (Markov Chain Monte Carlo, MCMC) 77 8 £ i 4E % 8 1 1 B 9 — Fb
Mt Bk ;Gibbs RAEDS I R B MCMC BN E SRR M —M, TAEL
A TR, YRR KRB EB KN  RATUBRRAKSER A AREAR, 4
ALABEE NG HEESR. Gibbs RERBBIHERNEAHBEANERERTE, N
UBN MR R R THISRERM, & T UBN bHKHMUA AP RETEROHET
B. B, BAZE T Gibbs KA #1T UBN AT, X T BB XAk —BE, 5 F
LA REE S UEREDRUTREZOPHE SN ENEN, U L BEHEE 1 #3R.
WiE1 BT Gibbs REERM UBN EIHER
WA :.G.UBNG= U, E),U={U,» Us» =, U,},U: B 1RO 55U u, Ml uy R
O EEEE YA
e: O MEREERT S
Z AT B
¢: BT R HEENAM
s RBEBRE
WiH:pg=1le)
TRz ZHRE
Uiy ={Usy s Uisyy Uiy s =, Uy}
v=elUz:G #) YFTRA
N(g):q R 1 WEEEAHE

1. ¥
o z(BEPLHA ZHWEANU BE, v —elUz, @ 0@
¢ N(g)+0

2. PHEBAFT

Fork=1tos Do
D BETFYUAICRE AV HESETRIBE
o BV ZHhEE - MEIERER U
«  B(pW,;=0lcmpawn ) + pU; =1l empanr )
/e AU BRI RBMEFEERELHRE c THE
2) B pWilewsawn )3 U KB
BENL=AE nel0, Bl AR D#E U M

0 e < p(Ui = 0| cvmany)
Ui=w = ) (3
1 pWUi =0 | avpamy) <7 < pWUi =0 | avsany) +pWUi = 1| cvsay)
o 0P (g ) P e g®
End For %

3. H NGO plg=1le)
For k=1 to s Do
e =1 Then //EE R MR RBER
N(g,)(N(g) +1

@ X 89T/ kW% (Markov Blanket, MBIV R4 X HEBB THA. X WEBLEE A UR X WEEBTH
FoAh S0 A M0 S BB AN MB (X0,
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End if
End For
Return p(g=1]e)(N(q)/s // it plg=11e)WHE

FABRLTUBRSE-FP AR BRI EM AU R P 8T 5% E A 2R 5
EHAE WU, =1|U, = DZ2ACHTREBFEIZH pWU, IUDZD,MNA U, 5 U, 4L
XHER[16-17]E LA HEE,Gibbs REB R HERHFREERZ, ELARBEYI -1 8E
4 #i (Stationary distribution) . H N IE AR, XRIE T E % 1 RS FIAE M. — B, 5
FEFBRBEEBUREIITHERITHMNER, XNEE ERIETHEE 1 s #E ik
B EFHE. 58 3 ThRINGES LR KB 1 W SEEE.

2.2 #F UBN# CTR #m

A UBN RE FBEERNG, TRBHEE SAHERNAF SAFEATIL
FRRAPZEET SERT I EGAME, B, RIVEIFEERTICROAPX &8
CTR, EFMH &) EHEFE L R M P i 88 # CTR.

BF U, WAGE EEGFiCEMAP REBEEZ 1 TUEIHEMAMHAAMESFUS =
{U,| pU;IlUHZAU; WU, j#x), B A={A LA A RU AP REZHEH
CTRMIEMES. RINBTU. 5US RRPET SERT I EMHECE, R U,
AT A PR EN CTR, M5 APHAG=1,2, «, D A yu =1 Ml yu =03 5I5R
RTEA RBHEEHF MU, MEFEETHA THAXOER B p(ya | AU R
AU, %A #§ CTR:

2002 On | ALUDp WU | Up. (4
tAFFEABIFE—EXAL DA%, BB U, XA ¥ CTR,IF:

26,2 | ALUDPW, | U
D nen 200 P | AGUD P, | Uy’

B3 MTFE2ARYAMAFFMEHE CTR, AR ERTE EL5HF U, #HH
AP U, U, fiU, RBW U, 3% A A, A, A, fTAs 9 CTR. LA, B8] RBER O TT L
B3 pya = 11ALUD pWUL UL + p(yas =1 A, U pU, (U + plyas = 11 AU pU, (UL
=0.26X0.48+0.32X0,62+0.13X0.59=0,.399 9, [~ /5G9 & p(yas =1|As» Uy) =
0.446. KUUAHE U, MHEMS 58 CTR. BLRTLIBRREAS U, EH#T E0IFH A,
A, As, As, Al

plya | AU = (5)

o(U1|U;)=0.48
p(U)|U3)=0.62
pUNU3)=0.59

p(ras=1|43, Us}=0.25

p(y44=1|44, U2=0.26,
p(44=1144, U3)=0.32

p(4s=1|4s, Us)=0.18

B2 MplArmEmsdE
Fig.2 Similar users and the given CTRs



22 IR WL K 222 1% (A RBH2ERBO 2013 4

3 FBREZXR

8T WA SO B AR RATSSBLT UBN MM, JE MM &3 F UBN § CTR
U % WX T UBN #9 AT L B R 2 F UBN fr) CTR B0 380 0o 9 1. 56
KEVEMTEREKN IBM R % 28 L. Intel Xeon Processor E5405 (12M Cache,
2.00 GHz, 1 333 MHz FSB)4b 28,2 GB A7, Ubuntu 11. 10 #4E & 4, f# /| Python i&
B WmE R, MongoDB 7 ER. L% K A KDD Cup 2012-Track 21" b iy X 5 4 .

ZBBE LR EEED, AP E R A LRI RET S EAREZ A8 E A
PR S BEFARCEMET BN % CTR Filll #1704 £ R E s, U R A LB
B&BITR AT M T RIE 474 455 MR VBT W REE K 118 868 M RBIRMHE R
T SR Xt 5 it — S0 B ) B A P17 48 B LA 48 10~ 100
PO TR RE R,
3.1 HE UBN MR

BAOTA BB R REERE 10,20,+,100 A BIEE B B, MR T HE UBN B HHE
FE5H 3 FEAFRME PR ERT 10 KR 0T 40 EIFF 6. B 3 4 T 08 5 R
HUHE A 1/0 FF 69 UBN My Rt IR, 7T LU i #07 UBN 100 6] FF 34 B 45 2500 48 I 2
AR BB R 1/0 TERIK 24 & SAF 180 259 8 24 B A SO AN T 427

350
—— B R(EEHEEVO)

—— B R(BHBEREEVO)

300
250 -
L0}
E 150t
100 b
sof

0 1 1 1 J. 1 1 1 J
10 20 30 40 50 60 70 80 90 100
ilak

A3 5 UBN M E
Fig.3 Efficiency of UBN construction

3.2 UBN#% %

BATE MR T AR A BB T & R R B 2 118 {45 5 s st
WATHI IS R TF 8, 2 AU an B 4 A0 5 BT, B 4 ATLAE B, BE A SRAR R B0 36 A< 6] A P
BEH TR UBN RS R EE RSB — M E. X E S 1t Rl
B4, VA 1 SR B0 TT UBN WHEREHE RAMAMUA P R, A8 L,
S AUKAP BEBRERHEUE. AE S TUFH  ARAFRNERE T, Bk 1
B AT F () R B SRR IR B 2 R R i . X U8 B UBN G DUA3E 3 B 0 B i B 1
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065 - —— 10N ——201M P

?é 060F  —x— 30N —s—40A A
0.55 W
0.50 W

045 f

040 1 1 1 1 1 1 J
100 1700 3200 4700 6200 7700 9200

REKY
Bl 4 UBN i {oliE B 45 5 0 i i

Fig. 4 Convergence of UBN’s approximate inference results

40
351 —o— 10N ——201 AP
| —e— 30N 40 AR

100 1700 3200 4700 6200 7700 9200
RREKK

5 UBN if ol 4 3 B ok %
Fig.5 Efficiency of UBN’s approximate inference

3.3 CTR Tl &) HE5 o

EATA IR LR PRV T 12 52 MNP S5 @AT SRR R)  F
ETAXE2H P CTR TSR SEELHN CTR #T7THE. I TER CTR B4 RN
AR EX 12 592 KRS R P HEVLERE 10 K. X 1 /H TR/ IDk#E K%L CTR,
ME R A CTR(EW CTR) RHEZEKIRE (KX CTR §#H# CTR ZZ K4 XHED.
WA LA 2], CTR Bl i B K B /D AR 22 0 0. 666 667.0 F1 0. 187. [E] 6, Xf Br &
CTREMERMREFTTHBREIT ETAXFTEN CTR BIlE R, REMRTO. 1,
0.1—0.2.,0.2—0.3.0.30.4.0.4—0.5, AR EF 0.5 W &l 6 FiR, i 8 &
BOHY L4 B R 32%.20% .13%.9% .15 % 11 %, LT LB 458, A SCRF R i CTR
T EEEARERNER. RN, KPS HHHERGEIEREEERR.FHEAEE
MEEERE/N. FHilt, #— SR E CTR B RNYRE, RAXBUM T EERRA
FLhr CTR Bl M AT4R , X th R RATH E i — LB R M8 7.
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