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Deep Time-decaying CTR Prediction of In-feed Advertising
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Abstract: In-feed advertisement are characterized by high visibility to users, so it is important to display
creatives with higher click-through rate (CTR). However, since in-feed advertisements are displayed to users
frequently, the CTR has a rapid time-decay after the advertisement is delivered. In this study, we propose a
CTR prediction method considering its time-decay for in-feed advertisements. First, we introduce a model
can robustly predict CTR from multi-modal features such as image information, text information and au-
dience setting information of advertising creatives. Next, we construct an RNN model considering the time
series change of CTR. The effectiveness of our proposed model is demonstrated by offline verification of
multi-period CTR prediction task using historical and contextual data on an ad network in Japan.
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Fig. 1 Multi-period CTR Prediction of in-feed Ads.
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Fig. 2 An example of time-decaying of CTR.
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Fig. 3 In-feed ad campaign structure.
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Fig. 4 CTR prediction model.
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Fig. 5 Multi-period CTR prediction model.
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FHSEER O B B9iE, (1) CTR THIE 7V OAFREREAE, (2)

ZHIH CTR TR B 25 R E 7V OREEEEHE O 2 5T
b5

51 7—%tv bk

FEHEEBTHW A~ 7 4 — FIRSORET— & OME
ZR 3 IIRT. INHE, XS NTT FaE2REGT
LT RAy NI =2 ICHBEBENTT— 5T, FFEDRXT 4
7 (REH) BTN EEMREREEHTHL. /2
CTR Fillic B} 2 HERMSE [5] L AEkIC, 1T Ly s
YA ED 100 B EORE R EIRL Tw5E, 4
Y7V voa YAEEAY 100 [BHCH 72 2 v &) Al A e
WIRRECTH I L7z CTR 13, EfEE K& < B2 REMD
HHLEVHIHPT, FHlOIEIELTVD, F72, £3
IZRLERO IR (2018/10/01-2019/02/20) %@ LT, 1 ~
TV Yoa YIS 100 BERMOIAE OE A1 T ENT
Y, BHLGEOILEREICBIT2ENN 22D 13
Thwnweknz 5.

FEE®EL, W52V IA T4 7014 T Ly ay
HALOFEFE (click or not-click) 2MEFFENTEBY, L
DEME BRI E O TO CTR HHASTHETH 5.
SRIOFHIFERD S &, K7 ) 274 7LD CTR
BUTOLH)ICEHLTWA.

(1) CTR T OB DY & L IAEDOREH»H#T
FCToOLEMMIZBITS CTR

(2) ZHIH CTR FHMlOREIEOWE 50 (4) TRLZ,
FLEH2 5 ¢ M1H £THD CTRy

FHETVOREL, EBROEHZEEL, HioLE
JVIATATOEETHIEL:., T4abb, T —%
ETANT=51E, IREOREHTHEIL, 7ANT—%
DILEZ ) ZA T4 71, T —FFIcvo 2 wngEn

x3 WET—OME

Table 3 Dataset summary.

Period # Total impressions  # Ads
2018/10/01-2019/02/20  1,814,634,077 28,470
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& 4 CTR VilllZHBIT B HREEE L

Table 4 Comparison of model accuracy.

Model MSE (x107%) % Improve
Avg. CTR (Baseline) 3.07 —

Basic 2.29 25.4%
Basic + Image 1.97 35.8%

Basic + Image + Text  1.82 40.7%

v, Tz, FMETVOEBRBORHGZAT ) 72012, F
M7= MO T YT LIFELTN) F=aryT—8%
TR L7z, &7 =%ty bORICELT, T —25, N
VF—=varr—%, 7AMNT—FORFRIENEN T0%,
15%, 15%& LTwa.

5.2 CTR FRIOHEEE
5.2.1 VILFE-—ZIEHEICL IR

4.1 HiCik~7z Basic, Image # L T Text &\ o /2L
7 IA T 4 TIHD FE 2 v/ CTR FllE 7 v
DIEEEFH %2 3= 4 (2783, KEEEEF O Baseline (£, KD
LOWHEIB LTS, 9, T — 4 PFOITRTOILE
IV IA T4 TUICBITA, &8 T To CTR Ol
j=& AT A, 22T, b BEUn BEATR,
LG 7 ) IA T4 T IO T ICB04527) v 7E%E
A7y yaryieRyd. R, TOEHSNZ1
DIETHLG%, TAMNTFT =2 ICBUTAEADEE ) T
17470 CTROTFHMEEL LTHWwA. 0 Baseline (2
72nw L, F#E L LT Basic DADE TV, Basic |2 Image
ZBIL 727V, Basic IZ Image & Text DA & B L
72ETIVT, P THEAEE (Mean Squared Error ; MSE)
EFOUWERE RS, FAITRT I, B g
T4 T A4 E TdH 4 Basic, Image © L T Text %
JEINL TWw < Z & T, Baseline 7 53875 % BR RS I 1223 C
ETWB I ENGDL. I, TXRTOEHEY HW-E
7V (Basic + Image + Text) O¥;#, Baseline 7° 5 inz:
ZARLLEDRETETWAE, 2D Ens, K7L
47470 CTR VMl ZAT) 9 2T, BGHERSLT F A b
BRI EHTHHZ LRI

K2, CTR Pl T ABICEHES L2 e 2 x5 7
W12, SHAP value [27] # W CTEEE X5 M L, L7 50
DEMEEAIMB L. EFVITEDELEMEELR 5 12
R, Basic DADETIVIE, AL 50 DEFEHE ) b
ons, IREFICHETA2REHETHL. —HT, TTO
Fmx Hw-E7 )V (Basic + Image + Text) T, i
EFICHET2HHEOEEEIEA L, £ D12 Image X
Text HOR DR HEDOEEENB L T L. 2O ehb,
IR ANV AS L E O L o S N BVAL 2§ S [
3, Image X Text &\ o 2JnE 7 ) T4 7 4 7 HKOFE
AL TWDEZ LG5,
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®5 50 0EEHFYE
Table 5 Top 50 Important features.

Model F 7 B

Basic A EICE T 20 (29 8)

Basic + Image + Text L5 FICH T 255 = (6 1#),
Image HISROFEEE (15 ),
Text HIROFEE (12 f#)

x 6 HHILEEOHLEGD CTR TWIZBIT 5 R

Table 6 Comparision of model accuracy for new clients.

Model MSE (x1075)
Basic 2.69
Basic + Image + Text  2.43

% 7 Dropout B XU L2 IEAMLOAEEC X 2 KR IL#L
Table 7 Comparision with and without Dropout and L2 nor-

malization.

Model MSE (x107?)
w/ dropout+L2 normalization 1.82

w/o dropout+L2 normalization  3.01

ML ARFELE LT, IO ETIZ/ZVT S CTR
FUREEOR EAZEZ bNL. 22T, RA4DT AT —
YD L, T — 7 HICEEN TV WHIHOLETED
ACRE L7254 C, RIS CTR FHlORBE 1T -
2. TOHRER 6 \IRT. HHILEFOLEIIBNT
b, Basic DADETIVIIHART, §XTORHEZ AW
E7 0V (Basic + Image + Text) (2 & 0 FHIKEE2%H LT
ETVD. 4B, FBILEFEOWETIE, Basic 2B 5L
HECETARHEEIRIEMHEE ZoTws, /2, TA b
T IZBITBFBLEEOEEL, 2% EZ HOTWw
L., INLOREERENL, FHOILEFEIZ/V LT Image
R Text Lo LB 7 ) T4 74 7EEKOREEZ, Filll
WA ZLIIAMTH AL VR B,

522 Xy b7—UBEDRRICLBIR

4.1 #iCak~<7z Dropout & L2 IERMLDBEINE V> 72 % v
7= 7 EEOWRIZE S CTR FRIOERFi 2R 7 12
RY. 22 TIETRTOFEE (Basic + Image + Text) %
AWTED, K4 TRLEREFLEOEA (w/ dropout+1.2
normalization) &, ERFFEDH;A (w/o dropout+L2 nor-
malization) & DFEFEHIEEZIT->TWAh, ET7TIRT LD
|12, Dropout & L2 IEHMLDENNE wo/zty BT — 7 HE
HEOYRIZEL T, CTR PHMOEEIKE < ELTW
BN B. T, ENENOGREOFE A AR 6
WRT. M 6(a) IEREFEOLA, K 6(b) &HERFE
DGEOFRIMBTH Y, I FEHOLR Y 78, il
3R (MSE) 239, F7-, sl iz, enznil
BT — LN F—=2a v F=FIIBIAKREEZRL T
b, FEIZBT L EELT VT X 20 Adam [28] & W
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Fig. 6 Learning curves.
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Table 8 Comparison of model accuracy in multi-period CTR

prediction task.

Model MSE (x107%)
week 1 week 2 week 3 week 4
Avg. CTR  2.28 1.71 1.60 1.57
DNN 1.36 0.99 0.91 0.89
RNN 1.35 0.98 0.90 0.86
TBY, FHERIT107° & Lo, fERFETIE, N 7=

YarvyE—% LT — 5 TOREIEELD Y, NAN
N7 Y ABIREEE 7o TWBDY, RETETIE, N)F—
TarT—YOMEDENITHMA L TnE L5 hDb.
CDZENS, BETETHLINT =TV %
72 CTR Fill€ 7V~ Dropout & L2 1IEHI L8N
WX o, #BFERZE, CTR Pl o/ N2 M%) -
TELLWVZ A,

5.3 ZHIR CTR FHICH T3 IREETFILOFHE

4.2 FiTii~7z, CTR Fill% ZHAMICHLEE L 72 DNN £
TN, BLXURET TNV THD RNN EFNVICT, HHIL
HORERE,S 4 HH ETO CTR Filll 24772, W%
ETDIREE, BEA 7Ly g YEEAT 1,000 [|IDLE
DLDOHEFERNLTWAEL, ThiE, WHIZBITS CTR OIF
LOXZERL, CTR OFMIRBELY L ) EEICRS
72O ThAH, Tz, 1EOBITHRNRZLHIZ, 1T Ly
o3 v a%AT 1,000 Al UE, CTR OEAEDS 5% DL 12
DWT, FIEEE 85% THEEMEATZ D 1%LINIZILE o Tw
HEWRD.

ETIWVIEBD 720, (T — 7 2B 5 &R ETH L
FHM O CTR 2 Pl & + 5 €7V (Avg. CTR) T
OIFELRD2. RBIZKETFIVOLIM (+=1,2,3,4)
D CTR 27T 57874 (MSE), % 9 12 Avg. CTR €7
V6D MSE SR /RT. K8 »b, EFETHL
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£ 9 Avg. CTR %5 D MSE g H ik
Table 9 Comparison of MSE improvement from Baseline in

multi-period CTR prediction task.

Model % Improve

week 1 week 2 week 3 week 4
Avg. CTR — — — —
DNN 40.2% 42.4% 42.9% 43.5%
RNN 40.8% 42.6% 43.6% 45.1%

RNN EF VD TRTOYMT, mOBVHEETHLZ &
WA, T2k 9 5, HEOTH (week 1) T,
DNN E 5L & RNN EFLOWHEED L 0.6% & PREM
THAHH, LHVEMEOTH (week 4) TlE, HERDE
A L6%IC 7 N IRETIEIC L AR RPN TN D 2 &A%
5. ZHUEDNN EFNVICBIT A% HE O CTR &7 L
7o FHMELC 72 > TW A DS, RNN £V CIREZ RO CTR
AR TF =5 L LTHEESETWAD, CTR ORHZ
{LEEHIZESZON2DFEHEZONEL, TN X

0, FHIZEERC/R L7 4 8%, $EFnblivoiz,
EWR 2RSS A FNALEIIBWT, EORED
CTRMENEE 2 0%, HEFMICHKERS T TE S
£ BT, DNN E 7IVICHAREFEICEELTD 5
LWz b, K VIEHER CTR PllST&52 LT, 71 v
7 ENRTVIEGEZREMIRIRT 5 2 LSRR,
70 ZEOBEICO %W R LD S, 4, 1R
FFHICL 2 4D CTR Fillo DNN E 7|27z
TORELES 1.6%THY, KBELT KAy b7 —2
TIVA YT Ly ya v BHFLWIGHEIZE, KRS 7 ) v s
ICEBEEBIIHZ Tk wr b,

AR OFHLER T LA EREDEE T — 713, 4§
EDAT 4T ETHBSNZEETHY, 72, BN
b33 IR LHFE MM (2018/10/01-2019/02/20) T
HLHI, T—F OB T AR GEL NN S L. L
PLBDS, TREONEIZMA 74 7T ThBmRshTn b
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— R D DTHY, AT 14 T RFEHIMES 2ILED
DLEGEIL R, TORBIRMTHLLEEZ TV,
Lo, SHICAEEED L2012, AT 1 7 TO
BB OT—% 2y P& v, LEOBBICICHET % 2EH
W20 Re, I - A XY MBI A RN 2K
BHLAAND E\ Vo2 TERIEZ HND.

6. BbH)I(C

KIFFETIE, 127 14— FIREICBIT 5 CTR ORI
*EE LM O CTR FMFEARE L. 7, <
VT E— TN E P HDILEHEA O CTR 2 T/ M2
FHlT 257200 CTR FHIETVEBELL. KIZ, 48
MIZH725 CTR OFERYIZAL & MG HIZ KB HEZ RNN
Bty N7 — 7 REEERRE L. REFLORELZW S
720, TRAy bI—27 FOREBEREZ QW+ 754
VHGEETEM CTR Pl 2 5206 L, I—EFLEOGHMMEE
RL7z.

SO, R E Vo BB TR, 4
Tl ya AL CTROWBEZ 52562 8T
BEREICL) KB ISARLTWFIICT 22 LbEZ LN
5. %72, CTR ORMBRELHE L7729 2T, KA
fERTH % BESUR B L E & L CRM L 72580 FE % B
LT AIEIHEE L THITONE. 512, LM
CTR Pl BV C KM O EZFEI & D & 9 12&1L
LT <% SHAP value [27] & IV 72T 247\, 7Y
IA T4 THEOWEEIZORIF TN ZEdEZLNS.
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