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Abstract  Cross-domain learning-to-rank has attracted lots of attention from machine learning
communities and is an important task for many practical applications. Examples include information
retrieval, search engines and recommendation. The goal of cross-domain learning-to-rank is to
leverage knowledge from the source domain with enough labeled data to enhance the performance
of the ranking model for target domain without any labeled data. Although several ranking
adaptation methods have been proposed, these existing approaches do not directly solve the problem
that the source and target data are drawn from different data distributions. Such situations make
the cross-domain learning-to-rank becomes a challenging problem due to the different distributions
of data. To solve this problem, we propose a cycle adaptation learning-to-rank method, which is
inspired by the generative adversarial networks (GANs). The motivation behind our method is to
translate samples from the source domain to the target domain (and vice versa). In our cycle
adaptation learning-to-rank method, two mapping functions are learned such that the distribution
of data from source domain is indistinguishable from that of target domain. After these operations,
the data distributions in the source domain and the target domain will be closer, which offer help

to transfer the labeled information from the source domain to the target domain. More specifically,
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the pipeline of the proposed method mainly consists of two building blocks: (1) the feature
distribution learning module, in which the feature distributions of two domains are learned and
adapted from each other. Two generators and two discriminators are constructed in this work, in
which the generators are used to generate the synthesized features that aim to let discriminators
make a mistake while the discriminators learn to determine whether the feature is from true features
or synthesized features. The generators and the discriminators are trained in an adversarial way.
(2) The cross-domain ranking module, in which the source domain data embedded with target
domain information, has been used for training the cross-domain ranking model. Since the new
synthesized source data and the target data are drawn from the same data distribution, we propose
to use the existing and simple pairwise methods, e. g. » RankSVM and RankNet, as the basic
models to train the cross-domain ranking models. In order to be more efficient, feature distribution
learning and cross-domain ranking are interleaved and co-training. The target ranking model also
provides an optimization objective to enhance the learning of feature distribution learning module,
let the generated features satisfy the goal of ranking model, which aims to maintain the close
correlation between the generated features and the ground truth label, and also preserve the distances
of different generated features with different labels. Extensive experiments are conducted on the

LETOR 3.0 and LETOR 4. 0. And the results show that our method

demonstrates significant improvements over the several state-of-the-art baselines w. r. t MAP and

public benchmark datasets:

2019 4

NDCG two evaluation measures.

learning-to-rank to move the data distributions of two domains to be more similar.

The key to success comes from designing a cycle adaptation

Thus our

method can easily transfer the knowledge from the source domain to the target domain.
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FrRag SO e 1 rp i B8 0T B 27 ) xR 2 )
155 B 45 A2 5 A SO I 45 S 1~ 34 1H.

I FE N L B B AS it FH U5 4R A0 ) 365k 4 )
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J5 ¥R AS ] B SO X 74T AL s Query-weight J2& X
ASTA] i A 1 0 6] B9 AL, 5 H bR S0ER S A R R
K ;Comb-weight 54 T Hi B J7 15 . 78 AL £
)T P SCARY X I AY ;s Rand-weight W& fi H 1 fifl
LAY AL 5 .

(3) Cyclegan+ ranking. % J7 &t 52 3 F 4 A%
XL 4 AL B R 23 . O i Cyclegan 5 ik
) E A A BB B AR S A A v s @ 6 AR R B8
TR . FUAR ST A E S B AN 2 it 30 i 19 T S 40
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YIAF R 25 5. X 2 B W HE Y ik th T A
ThRZAF R CGLe T8 o ik w8 A A H bR 3y 45
BAERD Z TR — R ERGW. EEEEM
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5 2~5 AT EE Rk A AT U Sk i 45 1 5 6 17
& Cyclegan+ranking 43 B IR 45 50 56 7 1702 A
SCOTEEE RS 8 A7 2 B H b BUBE U 25 1 &5
oK 2 fiE 3 & RankSVM HEF & T A9 NDCG
S RATLIE O BEAS [ AR i 25 1 18D

x4 HPE NP EBEIR MAP LR

RankSVM RankNet
B

2003 2004 2003 2004
Source-only 0.417 0.596 0.497 0.610
Pair-weight 0.502 0. 647 0.532 0. 661
Query-weight 0.510 0. 647 0.534 0. 645
Comb-weight 0. 542 0. 665 0.562 0.679
Rand-weight 0.431 0.618 0.471 0.619
Cyclegan—+ranking 0. 465 0. 658 0. 555 0.661
KX T iE 0.626  0.686 0.634  0.691
Target-only 0. 660 0.681 0.672 0. 669

0.8
0.7
0.6
0.5
0.4
- Source-only -= Pair-weight
03 = Query-weight - Comb-weight
i - Random-weight - Target-only
- Cyclegan+ranking — Ay j71:
NDCG@1 NDCG@3 NDCG@5 NDCG@10
2 HPO3 #| NP03 £/ > 1) NDCG Hr £k £ S [&]
0.85
0.80F
0.75¢
0.701
0.65f
0.60r
0.55¢
S0 ~ Source-only = Pair-weight
0.50 -+ Query-weight - Comb-weight
0.45} -+ Random-weight - Target-only
= Cyclegan-+ranking — A 5y
0.40 : : : :
NDCG@1 NDCG@3 NDCG@5 NDCG@10
3 HP04 #| NP4 iFF 2% 2 By NDCG #2645 R &

MR A K 2 fiE 3 A RKRE . AE R MAP
B JE NDCG 9 P b o L A 307 9 40 b LA i A9 33
WL BT N, 4E NPO3 F1 HPO3 By 504 4 ok
Ui s £ MAP PR ARE T - A& 7 i 7€ RankSVM Al
RankNet P FfAS [ (1 HE P A58 1 1 68 3 501 L D i I

W SR T 15, 4% A 12, 8%. #E NP0o4 F1 HP04
MBI AL b AR SO oy AR T 3 10 1800 Y
TERE.

MNEEJETT LU U5 R AE 5 2o AR S 5 7 B
AR e s HIUHC H 5 45 A S8 1) 43 A1 45 5L DT BE 68 B 4
b 5 R B A A B B bR B 4 A b 8 B T 4
5. 55 Ah . 2w 2E & i oet &£ 8. HP F1 NP
R RAE or A AR 4 30, BT AR SCO7 s A S 45 R LR 1
SO E AR B U 2500 1 e
4.3.2 NP #| TD i %%

NP 3| TD Wi B a5 R LK 5 &l 4 FIE 5. %5
= MAP 4532/ 4 A 5 J2 RankSVM i NDCG
pasE SN

x5 NPEITDEHEIH MAP 4R

RankSVM RankNet
o
2003 2004 2003 2004
Source-only 0. 146 0.176 0.196 0.164
Pair-weight 0.194 0.171 0.233 0. 151
Query-weight 0.194 0.175 0.226 0.157
Comb-weight 0.222 0.179 0.235 0.158
Rand-weight 0. 145 0.163 0.199 0.168
Cyclegan—+ ranking 0.215 0.178 0. 208 0.163
KX T iE 0.231  0.192 0.225  0.178
Target-only 0.235 0. 205 0. 266 0. 180
—+ Source-only = Pair-weight +Query-weight - Comb-weight

~ Random-weight - Target-only = Cyclegan-+ranking— A< 771
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0.27
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& 4 NP03 3| TD03 i #2%  1) NDCG £k 45 3 &

~ Source-only = Pair-weight +Query-weight - Comb-weight
- Random-weight - Target-only —Cyclegan+ranking— A< 5y
0.34

0.32

0.30
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J5 N A A 5 R R T — RISk, 3 AT LA
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T B EAS Sy R AN TR AR A AN [RIAT: 55 9 A 8K
PE AT NP2003 3] TD2004 3T # 2% > X [
SIS 2 S By b A S Y I B BCHE R B AR R 4
A A BN [F] f & Tl R B B R5CR. 36 6 J2 MAP
SEE A5 A SO VR S DA S A 1 5 VR A L A3 i 4
FFT7 13.2% Fn 17. 1%. A& J5 ¥ FH RankNet fig
HEP BRI L 45 R B | Target-only J5 k.

&6 NPE TDEBFIH MAPER

: RankSVM RankNet
8]
NP03-TD04 NP03-TD04
Source-only 0. 145 0. 136
Pair-weight 0. 164 0. 160
Query-weight 0.163 0. 157
Comb-weight 0. 166 0. 164
Rand-weight 0. 145 0. 144
Cyclegan—+ ranking 0. 181 0.187
KXTTE 0.188 0.192
Target-only 0. 205 0. 180

4.3.4 MQ % OHSUMED iT#

T I UE AR SR A T vk AR AN [R) KA
B AT Rk AR S A B FE R I EHE A Bk
RE » [ e 55— 2 i o R0 E R AE AR /N e, %)
MQ2007 #] MQ2008, MQ2008 %] OHSUMED %4}
LM T IERHET 2 2] 5L 5. MQ2007 , MQ2008 & LE-
TORA. 0 |- i P54~ FL 4k (i B0 42, A LETORS. 0 4
L s BATT A T 22 10 A 9 RO SRS 33X A Rdi 4
AT LR A b 6 UE AR S AR BRI

734 OHSUMED #%i4fs 45 /) #5048 4311 5 MQ2008
SEA AR —E,MQ2008 2| OHSUMED 1T # 25 4 i
AT DAL EAS S50 iE 75 B3 20 A 5 BE G B R 1 3 A% Ak

s O T AP U E, HE 22 2 1Y Listwise J7 ik
f14% ListNet™ f1 SVMMAPS? ¥ 3% Jg % b J7 2.
Source-only %f i # ListNet f1 SVMMAP #4 Bl 4
SRR A AR LR 27 2] B A IR O 25 AR B A
Sl Al I 3 S 6 5 R 5 AR ST R I ) 4 R 2
535 RankNet I RankSVM 2k 5 fih (1) XA 25 i
FEHE P 27 > A5 70 1) 52 95 45 R 5 Target-only X} L Y
ListNet 1 SVMMAP 83 276 H Ar 80 25 3 76 5
PRI S5 24 th 3 7 R LU A ST ik HE I
W HE P 27 >0 B 4 MG A% 2 ) I 45 SR 4 i B
o1 MQO7 F1 MQOS8 %4l 4 K4l 7 A 3z o), iy A
WA (RankNet) # & H Target-only (ListNet) &
LI REEE 206, HE i TR 4R IS 1 MQO8 Al
OH $i 4 5 %4 3 A 5 B2 8 K, 4] ListNet Al
SVMMAP HE 72 2] 168 78U 1) 25 5 AAS S5 40 25 8%
R HT AT WL AR S5 v 1 & i PR AR 4 OF B B
O3 A R BT HE Y E AT 5 B se R
IR

KT HRIWIBFEINMAPER

T MQO07-MQ08 MQo8-OH
Source-only (ListNet) 0.452 0. 388
Source-only (SVMMAP) 0.439 0. 383
7537 75 3% (RankNet) 0. 479 0.412
7K 3 75 3% (RankSVM) 0.473 0. 422
Target-only(ListNet) 0. 477 0. 445
Target-only(SVMMAP) 0. 456 0. 445
4.3.5 U A AR BE O B

AR SCACT T AL [ U A3 A ) BN S RS S G
45T HP %] NP.NP #| TD iF 8 HE 7 52 56, MR 4%
Gao 45 N X 3 B B 4% 4 40 A 169 20 BT AT 0L il T3
SER Y AR ST S AN W) 32 A8, B AT R R A A e R
[ . B SRUG, TD S 5 0941 55 2 & 4R A o = 0
DU P8 75 3 A 05051 3% HP 3008 4 19 4T 55 )2
B AN H L E NP BRI E T HEA
B A 1 7 06 A 1 TUTE . AR Gao 48 U R HHE 4
i PCA R4 53 BT 19 45 S 0T 41 HP A1 NP 06 FR 1E
Gy A BT 1 TD g A6 A4 43 A . IR
3. 4RI M AR R T A [R) U 40 A AR — B
RE4h A L 3 3 il e 5 H AR B s R R
2 4 v TD H NP (5085 43 A 300

AT A 25 S AT LA (D) X T R A Bk
SR PR B 5 E AR B B 8 i L G RS I RO
U i, 7232 3 1, Comb-weight f#i i RankNet 7
2004 b 455 0. 679, X 45 B [ Target-only &
BT JE N AE T HP A NP X P A4S Hodis 5 0 A 43200
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] B 1Y) A B 7 ¥R E AT LA AR B AR 47 i 25 2R (02
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FT DAGE RS RICR A KW S s (2) A S48 i 7 ik 5
WA T e Iy k. BN FE SR 3 19 2003 Bl b LA
TEHIEE R Comb-weight, B 45 S & 0. 542
0. 562, MM A% 3C J7 ¥ 1 45 5 J2& 0. 626 F1 0. 634. &R
T . [A) I, 1 3% 4 f NP 2] TD /1T #% 45
F A DU A SO RS L A W7 R ROR 4

TERFR 731 DL F #f J& Target-only 2 B i 4f.
TE—SE R T AR STk g T Target-only. i
e 4 iy 2004 454 . Comb-weight FIA 3CT5 %
#BE Target-only M 77 k4. 7£3% 7 H1. MQ2007 iF
3| MQ2008 RY45 R A7 i 5 Target-only
AR A2 30 2y — a5 PRk L 2 B e R AE T (D B8
Sy A AR R R Y. a0 SCRRLY i B HP F1 NP %L
PERFE 43 A0 EE AR . MQ2007 F1 MQ2008 H & A
[F) 4F 4y 1) B8 & 43 A o AR 426 30 70 33 A AR EL 4 0 1Y
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mPEREs (2) 53— ATREAY i 2 B S HP2004
NP2004 Al MQ2008 % 4% 1 7 76 & £ M 'Y,
FSMRank"* fifi ] 7 7 g 8 . A 7 /N8 43 FEAE
TE b 1H R AR IS T A A AR X W T
418 2004 FAS S5 vk AT A4S 3 5 47 (9 45 2R L T 7
2003 ¥l FBAH XM BLE. N2 2003 A B 5K
I oh A B B MR RS B DLTE 45 R S A R R
(45 R BT
4.3.6  HudE oAl AL ik

Sh TV T L5 27 ) Sk B RO A A AR Sl
JH TensorFlow # {1 o] #i 1k T. & Tensorboard, ¥ AJ
PLidi it Tensorflow 2 )7 32 17 5o 2 o it 9 B 3% SC
PEAT AL Tensorflow B 7 12 11K 45 B 53 A 55
{Z E.. Tensorboard fl Tensorflow F&JF iz 1T 7E A [A]
M BEFE F, Tensorboard 2= H 31352 B &% #7 7 Tensor-
flow H &30, IF 2 W 24 §j Tensorflow 27 8 7
) R AR A

TE I S AL T 0 I o, 24 75 Z AR — > 1) 2 (E
Tensorflow B4 45 14 B4 AR S 5k 50O 721 Zhoad £ o
B 20 A T D), 0] DL 32 ¢ f . summary. histogram R
Hoim 7 B 7 > 20 BOW A Bl e A BT X A
BRI B i A1) — AT R/ INVRITE AR 1 1o 2 1 4 1
> H B RS 2H Y B B A XA AT
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673 A B I ] A2 A B 00, A 6L &1 7 FIEL 8 B

R EATRE NP2003 3| TD2004 i 8 2% 2 T % th 8K
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