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Abstract Users’ click data distribution during search is quite different in different search scenarios.The existing
methods such as CPBM (contextual position based model) only predict the positional propensity score in multiple
scenarios through single model, which inevitably reduces the prediction accuracy in different scenarios and affects the
effect of removing position bias. In this work, A MCPBM (multi-gate contextual position based model) based on multi-
task learning is proposed. In this model, the information filtering structure is added to CPBM model to solve the
problem of poor prediction accuracy during joint training on multi-scene data. At the same time, in order to alleviate
the problem that the convergence speed of different tasks is inconsistent. We propose an exponentially weighted
average dynamic adjustment algorithm, which speeds up MCPBM training and improves the overall prediction
performance of MCPBM. The experimental results show that MCPBM model proposed in this paper is better than
traditional CPBM model in prediction accuracy when multi-scene data is jointly trained. After using MCPBM model
to remove the position bias in the training data , the ranking model obtained by training on the generated unbiased data
promotes the AvgRank ranking metric of test data by 1%—5%.

Key words position bias; unbiased learning-to-rank; inverse probability weighting; multi-task learning; propensity
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Fig. 1 Position click rate in random traffic
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Table 1 Error Rate on the Test Set During Joint Training
and Independent Training Under Dual Scene Data
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Table 2 Hyperparameter Settings of Single-Task Learning

Model
x2 BREZSFIENBESHILE
S A
TN {16,32,64}
E kS [1E—4, 2E-4]
Az Adam
2 2] BN [50,100]

432 ZATSE R
ZAT 55 S BT ok MCPBM A5 750 | 3246 750 i i &2

A 0 G R B AT B U P AT 55 W 2% 5 BT 55
Table3 Hyperparameter Settings of Multi-Task Learning
Model
®3 ZESFFIRNBESHILE
e Bt
YR {16,32,64}
3R [1E—4, 3E-4]
AL Adam
RS AE ] y [0.5,0.7]
RS AT T S [1,3]
2 ) Bk [30,50]

%> v CPBM 8 ) 26 25 4 . 80— B0 % G W 45 1
4 7 MLP 25 14 20 1%, >R FH TG pRER ReLUs ] L =245
¥ H 2 J2 MLP 4549 41 % 3 H ¢ 5 — J2 2k F softmaxii
T PRBC K 3 /R T MCPBM Il 25 5 B2 v 36k B A 4 5
44 ZTWHERSH

AT FEE X% CPBM, PBM, LE, PAL, MCPBM #&
TR ) T S A0 ) 1 A 3 DL R 2 B o7 O 5 AL
FEXF e #r.
4.4.1 AL E A PR A3 I 5 2 4 B

FARRILIEE LA 0=0.1,0=03,0=0.6
LI 6=0.1,0=0.6,0=10 [ 3 35545 F, MCPBM
HEE TR 3 o 35 e A TR A ) S L I A7 ORI 1)
PEAS 23 BB AR 00, SR I (1) B 3H 505 = TR
HITE 0= 10350115 H 1 error B 905 T HAh 375,
PRI 7E T3 S5 B 4 (b))

Table 4 Error Rate on the Test Set Under Three Scene Data
F4 3 HEPIETRAMNEHRE

3G

32

Btk TR

0=01 60=03 =06 6=01 0=06 6=10

LE 2.052 2.120 3.418 2.052  3.418 19.547
PBM 0458 1419 2909 0.458 2.909 20.220

Yahoo
CPBM 3969 2761 2.143 3969 2.143  5.459

MCPBM 0449 0.717 0974 0.798  1.092  5.000

LE 1503 1574 2955 1503 2955 34.543
PBM  1.167 1729 3568  1.167 3.568 35718

MQ2007
CPBM 2226 3223 4431 2226 4431 32302

MCPBM 1.125 1485 2872 1.991 2431 29.767

SE G 45 LR W], MCPBM A5 AU 78 45~ 3 5% 9 7L
HERPEERL T 3 Fh AL BIRL, {UAE 0=0.1,0=0.6, 0=
10 (9 3 3 5 B Bk G 2, 0= 0.1 3 50 i 42 4
B T PBM AT ] A B 1 CPBM
RUTE 2 Fhdgp sl ik 4 b 3000 o o PR 0 B A 1 100 0%
SCEG S5 R B T MCPBM BRI B A — & 15 Bl v
RE 77, AT LAA F AR AL 3 5 b ) 2 5245 0 42 T A A
ARSI 1 .

442  FEBONMACY- S HLE 3 250 8 25 R 03 B

Pl 3~ 7 J| 7 14 52 96 25 2R 2 7E YahooSU 48 5,
MCPBM #5271 3R F 4 BOM A - 34 K 2 285 ] 8 5%
5 2K oR B 53 TCAH A5 ACE 7 2K, DA RO SC S5 1 R L
FE TN 78 M A9 BLEE 1 3% 5507k (uncertainty to weigh
losses, Uncert) “" (15 00, 23 51 4 37 5 846 A1 3 37
SRR IR G N 2Rt Y 2R B B B R R At 2.l T 4
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Fig. 5 Error rate curve of equal weight in 4 scene data training
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5 I A R AR | R AvgRank 8 b5 P4 HE e # 15
(R HE P T i

M 5 77 LA, MCPBM 2 R 3SR 1 T 4 iz
E A ) M AR A O B Y, A AvgRank 48 bR 13
A 19~5% 1 $2 T+ S5 25 R Bk T MCPBM A< Bl fig
g (8 PN et il E Iy € TRl D DA K [ R P WY NIEE 22
fi1 11 Click £ 4fs Il 2545 21 HE e 455 20 1) HE 7 8 br ok &
0B i B2 7 5 0 R R A AL B HE Y B R I R 4
{18 S5 6 45 2R e W AE 18 FH 30 M 38 A SR 1) 3R A — A
PR P A7 U 1) P A5 432 2 B o7 i DG T A

Table S AvgRank on the Test Set Under Three Scene Data
x5 3BEHIBEBTUREN AvgRank B

35

G S TR
6=0.1 6=0.3 6=0.6
LE 18.34 18.28 18.44
PBM 18.27 18.25 18.43
CPBM 18.42 18.32 18.39

Yahoo
PAL 18.30 18.29 18.33
MCPBM 18.26 18.25 18.36
Click 18.51 18.47 18.57
LE 16.86 16.84 16.79
PBM 16.84 16.86 16.80
CPBM 16.88 16.91 16.82
MQ2007

PAL 18.28 17.59 17.83
MCPBM 16.82 16.83 16.74
Click 16.89 17.16 16.96

5 RESRE

AR SCHR Y — P 3R T 24 55 2 > (9 MCPBM {7 #
1 1] P 74 3 T A 78 18 RO AS - 34 A )y 285 9 4
Bk, UL T B Y CPBM A5 AL 7E £ 3 5 B B A
NGRS, DR R 22 8] 73 A1 AN ] T 5 S50AE 250 T 1 e
R R TR) A, AT S A M A T TR TR 3 R R A
ML 0BT i) A 2 S B 25 R R W, 45 CPBMAH L,
MCPBM #1223 548 2 b B AL 9 2w RCR
ARG T A H R RO L BT T HET R
BB HE Y

TET — 2 TAE o, AT 22l 3 2 L B
B B S LA R B AR AT 55 AnHE AT 55 e A
R HEZL.

Bt AP EARKFANLHRE KR EY L.

EERBKAER $FBATALE BES
M, AR LIRS BB AR SR LR LM e
XFBHERAET 24RO IEFEN; TRAET AL
WRLEMAR S NERBT TROHFERL; L
BRI EMRAET ERHIKFENL
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