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Abstract Recommender systems play a vital role in addressing information overload by learning
user preferences from historical interaction data and thereby providing personalized recommendations.
However, various biases in recommendation systems hinder the accurate modeling of users’ true
preferences, limiting the improvement of recommendation performance. Recently, the development
of causal inference theory has provided robust support for analyzing and resolving bias problems
in recommender systems. Causal inference, a statistical method aimed at identifying and estimating
causal effects between variables from observational data, assists in identifying and eliminating biases
through the construction and analysis of causal models, enhancing the accuracy of fitting user
preferences. Applying causal inference to debiasing tasks in recommender systems has achieved
significant success, effectively mitigating bias while also enhancing accuracy and reliability. This
paper provides a comprehensive review of the research on debiasing recommendations based on
causal inference. Considering that bias occurs at various stages of recommender systems, we classify
the sources of bias according to the three stages of recommender systems: data, algorithms,
and evaluation. We also summarize the manifestations of bias at each stage and their impact on
recommendations, Based on the study of debiasing recommendations from a causal perspective,
we first outline the principles and key methods of causal inference. This establishes the connection

between causal inference and debiasing recommendation, providing insights into mitigating bias.
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Then we systematically organize and analyze debiasing strategies for recommender systems at the
data, algorithm, and evaluation stages based on causal inference techniques. For debiasing methods
at the data stage, there are primarily two strategies based on how the data is utilized: counterfactual
construction-based methods generate synthetic data points to simulate what might happen under
different scenarios, helping to uncover hidden biases; unbiased data-based methods involve
collecting data that is free from the common biases present in real-world datasets. For debiasing
methods at the algorithm stage, there are primarily three strategies based on different causal
techniques: causal representation learning-based methods aim to learn representations of the data
that are invariant to biases; causal intervention-based methods directly manipulate variables to
observe changes and infer causal relationships; counterfactual reasoning-based methods involve
comparing actual outcomes with hypothetical scenarios to identify and correct biases. For debiasing
methods at the evaluation stage, there are primarily two strategies based on the correction and
optimization of unbiased estimates: inverse propensity scoring-based methods adjust for the
probability of receiving a particular treatment, helping to balance the dataset; doubly robust-based
methods combine propensity score weighting with outcome modeling to improve the robustness
and accuracy of bias correction. Currently, recommender systems based on causal inference
represent a novel and challenging research field. This paper summarizes several open research
directions, including debiasing recommendation methods based on causal discovery, a general
causal-based debiasing recommendation framework, robust debiasing methods based on causal
inference, addressing bias issues in dynamic environments using causal approaches, and the
construction of datasets for causal debiasing recommendations. Finally, we summarize this paper
and provide an outlook on the research of debiasing recommendations based on causal inference
from the perspectives of application needs and technological development.

Keywords debiased recommendation; causal inference; bias; counterfactual inference

2024 4F

1 5]

T

FE XA B B AR A D — P A B g 4
ARG AR T E R . AR R G
MR B g 5258 R v 2 >0 P B Al B> BT A
P SRR A HE P2 R 55 AN AL G T T
e 3ok 3 P s+ 3 e B A R S TR T Y A AR T
5 RS T BT S A iR U T Y by s B
R THER T HAT 1 R A DU A AR T B AT
TR BUR T AR Z BB TE SR » i HLAE Tl 55 2
T Z MR B B A R Youtube ™
AR HERE R GUAE 24 19 FLIK ) I 1 R
R0,

RTIT » 7 28 8 0 52 B o T i 5 v 22 ) A
—J7 TS F T B D S S8 RO AT AE i 2R A T
7 PR A7 D0 o 8 45 HE 7 KO0 5 RAT A2 45 Fh 254 1) O 2%
LU A3 £ 0 22 L IR O Al 22 L 7 O 22 55 i 22 1Y A7 AE
AT U 2R B30 23 A I 785 P S % MR o0 A ST T

HERF R HERAVE. o5 — Jr I HERF 5 1 B B AE RAE 2 )
b A R R 2 A R R i 22 L BN TE HEAE G FE
2 {5 1v) 7 1) 52 B T A Sk B R AR T R
it o 11 2206 5 FC At T P R &b S BOAS HE LN AT
(O HE PR 5 SR R I 22 A HE TR R G AR VAl o AR o
I H RS T3 S SR S AT BE TG 1 T S > i
g ef- AT AR () IS TP A 8 A F0PF- Al s ml R
U 22 + DT 52 W) 77 28 8 1) PE BE AN P 3 5
PRI o i DR HE T 2R 400 1100 Ml 22 0] R Rl T HE T R e 0
B — AT T I IR T O B8
AR 77 2R 498 25 O 7 12 3 S 3 o b TR A1 ) A 5 Ok
Aib FRAECHE it 2+ AHL 2 A% 58 18 50 7 VA AFTEAR 2[R
ARG i Ak BB I R Al A IR Bk Z 8 M A D AT
YRS BE A DR BT H AR B9 3828 DR 58 & AT DT i b ik
T PR 0 5k I B HE A AR 48 2 O i F ST L X
BT PR 7w ik VARG B R AR 2 1 R
TR ) R 1 AR

K S 4 Wr (Causal Inference) J& — Fh & i1 24
7 B R R AT I AR B 2 R R OE R



10 4 T T 4« T DR SR A BT A 4 AR 25 A IO o 2 5k 2309

THAUA P I AT B A AR e B R 5
AL T M6 S92 56 A B D S0 o i 2 i AR
RN AR Ry — A B B 0 A 51 T 9 BE 5 5 1) [
B DR SR A B 5 L85 25 ) S DR R
—J7 I AL o 2T A 1 DR SR A T T SRk 1) A i L 58K
AR AL =7 ~J 53k il LA B O e il 3 DR SR B o5 —
7 T8 PSR AE Wt AT B T L&~ O IR A L NIA
A 1 B B e BUACHIL 25 % ~J T % A o 1 A R i R
e T A 2R G015 DR R B 2 v AR DGR o
17 ZGE AR JFUR AR TP 19 O 25 9000 P P )R — 1k
ACH T IX — FAR AT AR5 21 Al 5 o — > AR R [
RAHEWT IR, 25 K Ut 75 B SR SR L T A ot
FEH SO R G A B 2 WA X 77
XA — A~ 5 T DR R HE T 139 [ L 7 DR R T HE 2R T
FEFEAT AR g — B 5 7R AR 50 A0SR A 7 A
M P RSN EFERE HIILZ T
ABEATHERES F T 94T S W] BE A T AN TR X R Y T
PO & TR RGO 45 S S 2 ¢
e B St R R A T T A L S SRR %
TERX — G 7 RGeS WA TR
BRI R BAESR 3 Wt — 2N 4.
I VE 22 AR T ffRs DR R HE W7 15 R 1 51 4
17 Z GL U JUHAE AR PRAE 77 2 G0 22 7] HUA
TR SRR L T DN SR A 4 4 7 25 D
DA VAT e L3« 1 e AR G HE17 D k a od
HH SN2~ SR UL B T 3 Ak PO 5 B A L Y ik
SR IR A 3R (A5 TR0 25 3R i 5 P P S ) B 4
17T P 53 DR e o 8 S PR R AR Ofe A W A k2 (1] Y R
A S DT AT Bl JHE 55 3 A 22 1) S IR S S BBl
(2. LU X T R8s T UL 21 010 i 22 DR 4

| MR i
el
HE | —HbEfii
LELE SN W
L e || |
: [ ]|
e | [ rarn JH—
Lo rewEE ||

e AL [ EER
L e I L

W T A e A T B At A i 22 B R0 L
o A B ME R A i » DR 2R A W 3 e DR 2R 23 T LA
T v e AR S80I ARR HE A2 4
G BRSO HETE R G RAT. 25 Bk 2 T
DRI 2R 94 W7 1) 2 07 9 AN IS RE 98 A7 00 A i 22 1) AL
LA T R G R 0 A1 T R A O B A R AR T A A

W5 7 R 8 25 i 1 DAL 2R HfE BB 0T S 1) A i o
JUARZE WA AR G T £33k K 3201 Hoh, Sk L6
U HE T 28 G ) i 22 IR RURN 24 7 A AT T
Gt — B SCMUEAS  SCHRCL7 IR GE i iR 1 iy fif
DR SR 00 g 4 77 R G0 X S0 2508 M F T X HE AE AR
Gl 22 114 40 3 2 DR SR HE W AR R S 4 A T Y
AT AR e Z o DA 25 A AT 55 19 R GLiE b A SCK
BT LT DR AR T Y 4 R T S R T ST B TE R
PR X I — A 4R ) dr B ok R £ A L SR AN 5T A
B AR SO DR SRAE W B 1 #1 BE 1R B XHERE R 4L
P14 i 22 S 25 A i) A0 o % A O 400 Js B A i P AAR
PE B SCRRBEAT VT 24 B3 45, R Gt i il 1 DR SR 4 I 7
HEE R GE LA AT 55 b 19 LT 5 X BUAT J7 3k 1 i B
LB R HEAT T o0 M. d i e BT DR 2R HE B 1
R ARG L AW I 00 R B AR SCE 2 1 R AN
WA 17 28 G0 A7 A5 19 fim 22 1] 80 5 AR 305 i 22 19 R 8 %
HHAT 72856 3 0 A 4 AR AfE W 9 SR o
A DR SR T 5 4 77 AR 8 2o < ) AR R 5 25 4~6 1Y
AR AR 77 28 48 b i 22 7 A B A [l B Be— % il V3
TEMPEAL 7 S 2% B Be iy 20 07 75 - F LR SR HE
T ) 86 X 2 Al 7 1 AT o R AT 2R T 1T IR
e T IR SR AR DB A 9 17 2R G 07 1) Th — SE TRk B AT 5
[ R 55 8 79 b AR SCHEAT BLAE. AN SCHY A SR A
1w,

PR 2 s
[
o LRI || A e |
[ s ]| |
| [ mrmmmenesier |
[ wErmmes || | aTmRmsEtxees |
BFREFH || : §
| Cermmsmn || I e |
| [ mrmEzmmeammmeme |
D e —— :
TR || |

Bl1 AR SR B AR E Y



2310 it "

Hl

7 2024 4E

o
=B

2 T RS E B R

it 22 — A YN SRR RL 1Y) F 0 25 2R 5 1L 92 {H 2 1]
() 22 5. HEAE R GEAE N ] P S A HE R 1, AT RE 25
SRR P HOR LS RS M SR A A
25« DT BEAR HE 72 28 50 0% J52 o5 R0 FH P 106 2 B2 AN [
20w 22 W] BETE 4% D By Bo 2 w477 R 48, — 1> 58
HE I HEAE A A o AR AT DL A ol R R T
Al =SB B BAE AL PR HE T R G AR, 8L
AT 55 2 Ak P s BCHIE & AR AT AR O 4 RN B e SR B
B3 o e HE T RIS 3 0 A B ke R AT T 0
HEFF 5 I3 30 3 DEAG HE 7 22 52 19 PR RE L X £5 4 4 31 AN
B AT R AL UL E = A BRI RS
A% L IR TT AL o TSR R G e R AR A
1ERGAEX =B BUAR 1T g 7™ 26w 22 R AR S0 3%
BRI = AN Boxd 477 & g b D 22 2047 1 3 28 1D
B B B O 2 550125 B B 1% I 22 0 DFAil [ B i
22 0018 1 TR, 25 IR B & B Bt AT BE 7 AR A HL R
M), A SO S 2652 31 22 A4S B B ) 1 i 25 25 i AT B
PR 43 4. T SCR R TT U 1 1 v & I 22 109 8 T8 LA
B AT R 2% B B ™ A 5 i
2.1 HEMBENRE

B B B 0 O 2 48 HE7E R G AE R P AR B 55
BF s T B FH P P s AT Ry B8R TP AR 1 O 22 . BN
It 22 95 FH = B8 F R 58 Jg s 1y AR B AL PE . 5 30l
B P I3 AT B AS e AR T P S
P . B5CH B B A 22 35 2240 1 AR JLFb « 38 B 25
— M i 2 L T Y i 2 RIS R O 2 AL 3 SRR g 2=
AT LA 8 i 22 77 A= B 2 A4 43 R T 2K < 0 5 A 25 R —
B 22 2 T AT O T B0 i 2% 5 B O'G I 22 R0 AL
A 25 A YRR AR GE R 1 R T O D 25
2. 1.1 P47 N S B 22

T B 220 4 L B 1 A P BF 40 B A
AR B C AT B £ PR IE 2 09, 5 SO0 ) Y
P2 — P JE FE ML Bk 25 4k (Missing Not At Random,
MNAR) 4. i B B s A G 4 AR BT A 90 i 1
TEAEVEAN IR S FP 0 o) 55 b A] 00 50 J % R 1Y
RN IR R iR A S = I Dk T IS RPN
O3 0 HL S AT PR 43 o AR A0 XA AT AS 5 0 1 v
ATV Ay, SRR 25 18 A 2 T P B 4 i 4k
I 55 BEAIL 53 BC 0 o 26 T P PE 43 i s A A — 30
L.

— O R 220 4 P AR Ty N 25 5 2 Al

PEA BOSE 0 A 9% F P 0T 4 S BE B4 S i L
BRI R AR 2 2 B A R i 45
FIR A AR PE 43, 384 26 F P & 81K 2 80 A0 3
AN T 43 BG40 5 S A2 A0 B 8 A
KRBV I 3% —F R IE & At S 4.
DAL I 08 25 3] 1 DY O B84 A E A 2 A D 1.
2.1.2 HEFF RS TR 2

WEGdm 2 PR HEFE R G TRk SR T ik
AR RS Y R T P 2 T H
ftb BT B [RLRERF 5 T %88 0 0 5 30K W R G
JEY) L= F P B shi] gt MG 22 EEAAE T
B R s B Al v B P Y s ) B S A5 A T
Nk AT Ry FUBE B O BRI B A o B A
17T AN B S WIS 426 A I ' 114 400 b 7 W ' it 22 1) 2 T
L HERE R G TR HEAE R B T
IERNES MET N SRIE/ TN

A7 B 22507 48 F P 1) F 5 A 5 3 T
(50 H R AT 28 H o T 22 W% — S5 AH G PR 55 m H L A
TGN R HB Y W0 . 0w 22 38 A7 AE T 3% T HEF
MHETE R GE Lo anB T BB e R 5 S 80l T i
5 G AR EE R GE R, B A A O N s
1 B ST R ) — 2T H L S X BT bl
VF1) ) 4 B ok o 4HE 5 o DT 552 T 4 2 1) 94 0 1 N 2
BEE.
2.2 EEHMBMEE

S B BB 1) Ml 2 4 7 SRR AR B A TE I D 25
BB 1R 18k S B B0 6 B e R P R
NS G B AL B 32 B A LR LR AT EE
72 OV D 2 0SB A O 22

TRAT B 22172 48 4 12 S0 i 0 1) 45 L P 4 75
SR RAT I & AT 1 AT A AE T R B 32
FH P % (0 0 5 A 1 B ML AT B D 22 SR R T
PAF R -t F H P fAT B A B A7 e K 2 o A
R 2R B84 b K 22 B0 FH P-4 38 B SR R AR 2
BT T o L 7R A R A3 A B N S HE
SRR 1 T AR A o 0 AT R SR HE AR R R A
BRAU A0 # B  BT B 002 b HE 2 AT ) A R
TS B /NS (AR TR A 1) T B S L
Wb AT BE A 22 BELAR T 442 28 G0 0] FH P 2 1 L i
I HARFE TR TP B IR SR [F Bl B HETE R S E
I PAT B A 25 4 1 — A5 I 5 305 RO S BRI
AR R ek,

ANV i 20 A B o R I AR A
R AL T XoF e S A B A B A B e )0 A



10 4 T T 4« T DR SR A BT A 4 AR 25 A IO o 2 5k 2311

oo b A0 A 8 I L 5. AN e R ORI T AR
JE IR 5 T HERE AR G i P B AN
71 DR 2 T Y AT R 2 AR A L e 2 Xt
SEMEAE SIS — H ORI M 2 —. Lk AN R 45
LA G WA ok — o 1 Im 2 Lo W 5E T AT B 1Y
TR S IR 2 AT B i BT P I Ao 1 Bk
DN 25 5 A FH P R 22 () AR AR o A R R B
2 AT SR AR AT R 2R TR A B
B 25 Z AN A 32 BEE A 22 1052 . FEMETE R G
AN W AR 17 B o i v R 2 R
35| KAt 2 )

S RAE A g 22100 8 7 HE FE R G006 B8 0 A
Al 2 9k 7% A5 0K B IR . SCik [ 8 s 7 R 5 a4
P BB R P R — A R A T B AR U R
Toft 1] % b, B P R A7 R 0 Ak 1 AH B 3 2 3 AR 1 5
FEHR L JH PR AT R 23 Bt 25 I5F 18] B9 HE B2 3 3 HE 7 R 4
1T 5B HEAE R G Gt & 52 BT 00 AT o B

SR BRI P 25 46 1 R AR X — B A R L R

L sk 28 T K A0 R e 2 2% T BOHE 7 A5 1 1) 4
RALTEAN 25 A B8 S S50 I 25 S ol R 23 itk — 20
TR 28 BACHE LA 22 LR R = S — 2 4
TR o DT 86 AT 4FE 75 1) 22 B 1 A0 P 1 [ o, 5 30
RN BRI o SR 54T B D 2 (] B A7 78 T 3005 B Bt
FECHE B B
2.3 iFEMBENRE

VEAL B B 1 It 25 48 X 4 77 2R 40V B8 AT AL
B T {0 DAy 8 B BN B PP AL DT TR AR —

(19 22 57 » AN RE B 3t S I FH P 149 1 TS € R ol 45 .
A LLUR JUF 2 L VP AG O 22 FE S0P Al i 22

B LR VAN O 2200 48 7 B 2R AT A 1 B b T Y
S0t S AVE AL 4 AR 5 A S BR TP AT Ol 2 8] A AE 2
5t P ECE AL AR SAELOP AT AR A — B A
AL O 22 F2 BERIE T LR JLAR R - g T 7 g s
17 B AR B A7 A6 1) R0 D 22 5 B0 2R 500 5 e A
AR 35 % 0 19 B0 70 A AN — B0 52 ) T R A
AOREA 5 T P B SRR SR 2 s B b . 2L
B0t A v i P R BRI RE B 8 i i AN B T 2 I
(35t RO T AR AL A 2 A RE ) R B s il T
AR ROR B S 22 A4 T T 0 B 1 OB B
ZRETE BT A R A SR — PR A R AR 05 1 AT RE
B 2 i M A e AR A S

FELCVPAN I 22 SR AEAE IR BT T L 5K
FH P O X A 7 A R A7 3 Al A7 A B R L TR R
VAL 22 2 BRI T LA JLAR LA . il P e
Gy N AT A H N 0] fE A2 B AR A P AL 2 3
B A5 AR PR A R 0 L 5 U I RUBAS BE S8 42 R
Il TP 0 A A R A s R s o T P R S PR g
N HEAT RS, A] AR A% B AR A By (4 R o g
FEAMEAL i BEZ AL i BE LA AR T BUT T S
AN RE 58 4 S FH 0 HETE ) i 19 2%

Pl BE T HERE R G R 2 BRI o 6
A 22 2 B BR 1 Lok & L O 22 2 A L ik A — 285K
3 O 22 A o 5 O 20 A R A 22 R A A
PSR BT IR A BRI T AT DR TE.

1 RENSESHN

i 22 R U i 22 2 5] i 2 2 B BN
LA 2 WEE BN BPEIN I3 A0 5 S BRI o 20 A A — L [20,21]
O 22 — M 22 FH PR AroCs AT Sy 52 3 Al 5 [22,23]
Wt o' i 22 /D BRI W S ) 0 i TG T R W T P LS R B [24,25]
i i 22 MRS F K T AR S 4 [26,27]
WAT I I 22 AT B B R (9, 22]
B A 2% A X BRI A N A R (8, 23]
A AT 4 I 2% i 22 28 3 HEFE AR G0 R 5l B O [10, 28]
g 22 %’ﬁ%iﬂ?ﬁﬁﬁ ﬁ’r&%ﬂ{%ﬁ*ﬂ?‘éﬁgil‘fiﬁﬁ)ﬁﬁﬁﬁ—ﬁ [29,30]
TE 2R DA I 22 TE LR PFAG AN BB 5E 42 IR W LSRR [31,32]

3 ERHEEHL R

DR SR A W 2 — b 8 11 07 1 L i T 0 5 R
PR OC Z . TEAEAE R GO DR AW ) 22 T i
DA TF 2R GE ) i 22 0] R DR R A W O 4fE 7 R G R 1
T —RRER R TR A Rl A HEAR AR
A e T R B E i 22 O AR A DD O e PR A A

SRR U 2 O 2 1) B W) i A 45 SR 1 E A M R
S SRy S Gt DA DR SR BB R Y £ S L R A
REAMAMERE T AT 4058 L A5 K A 43 DR HE TR 1Y
TR AR, DR A AR G 2 I Y O K

DU 37 9 2 22 AL Pearl ™ 3 1] 3 A T-59 g 1)
PR 27 2T R 73 D = AR IR KK (Association) | T Tl
(Intervention) LA f Jz % 5% (Counterfactual). 55 —
J2 R OCER” IR 48 R T OULEE B 1Y B A A O o o) A i



2312 it "

Hl

2 i 2024 4F

ZIAN R SCIR AR R FIEPUR G R, B HARE 52
PRI 5 55 — 20T 10 R AR A TR MR U T 8, &
SR IBORT 19 AP PR IR OC R B 2 Bl
TR 5 5 =R A B 27 2 A ) T S S A FEOR R
FR LI B 1) B R AR G s (] 43 B S T ALY
Al B B ).

T SCE oA 4R AR B R R AE B . 2 4 IR
FERIFTETESE RAE SR, SR 5 i — 20 4l 38 i 2 DR
FHE VI 7 12 R D B 5 A ) VA 0 T 1 OB
PET7 1% BRI 25 A0 S S S B k.

3.1 BEIREHHELR
3.1. 1 Zitly R

) R B L Y (Structural Causal Models,
SCMD 7 — Fift 3 F &1 38 1 1R L AE 2. 45 4[R2
AU 3 of g 57 AR i 2 (8] B9 A 1) G 3F K] (Directed
Acyclic Graph,DAG) k£ /RmH R K FR ARG AT
TR T B o 0F A7 R A B, DT 42 B R B 7 A
LA AR RO R . WIE X B & L 450 PR A A il 7
BB 43 4 B - R P RN I A — 2 25 A O AR ORI
R RRR A B RN S R R OC R
ERRE P RS B A8 A T AL IR A
A A JEE R B R BRI 454 5 R TR A
SR iy R SR DG & 3 ) I A 6 A O R LR TR
18— A8 AT DURR 4 AT SO A

HEAE A 1] TG 34 18] ) 26 A2 235 4 o 45 4 PR AR A A
oh) B A5 A BT DL S DR =R B AR (chain) 45
Fa) SR (Tork) 5 44 F 48 (collider) 544, WKL 2 Jiy
. B2 L ERIRE AN XY 7, R 5 BAL T B
] i3l s SR G5y X <Y —>Z, FRos 5 B LA
() 43 2% 380 9 it s XPHE S5 40 R X —Y < Z, 3R o [H] [H]
I 4 oSO i 9 A S RS A R B A rh N 2
LT EA AR AT LR 20 O LA B =R S R LS
X =R R AL T RE T BOA (6] 019 i 22 78 52 2% PRR A
Y (R4 A 53 B v A 58 2 T A T R SR B AR L A RE A B
HHUERA A R OC 2R 28 R U0 TEHE R R G h L R
SER G — 7 RN i P %G| ) s AT
s BT PURAE s SUIREE R “ e d <ot i — i il " m
Wy it %) Jo s () B 5 ) 40 ot %) A A R P B L
T 00 T X — 18 i ) 0 s R T P B R AT
Ry 2Z ) 5 B PR AR OG5 Xof 48 45 4 2% — pd i < AT
FE7 s FH P B9 26 B A AT B SR R S 80T M
FOZH) ) s A R A R R AR R R, Y
RN AT BE 22 [) L 5 B AH G

== %@ ®\®/@

(a) BEREEH (b) SARH (c) Xk
M2 AR EEEH
3.1.2 WRAELERIEL
AR S SRAME L, R O 45 22 PR A R (Rubin

Causal Model, RCM)P*, J& — Fh 3 T J2 & 528 48
(14 DR SRS AFE DT AE L. 75 7 45 SR AE 4 1) 3 et L R AR 6
Z 5/ F 4 — BT Cunit, @0 — A F PO B T
(treatment, YN HEFF A [R] B 1 ) A ¢, @ 3 LA
) 1 70T 1) 75 A 25 58 mT DA o1 SR AR . VRS R
SR E — A HIT I — R T B 8 — AT - BT
W — DU AEE A Bln, R P A R
i XA P A X X I R — N I eSS
RS FEL R, HEEMER B P A SEPRiEZ
TS — o 22 1 2 SR T G 9 UL % 3] L Ath T BB A7 AR 1Y)
HEAE T A 25 5 3 S0 R 00 52 31 1) 4 42 45 R4 PR oy
FEGE R P VS RAE SR 1 2 B AR 2 A
[ T 300 B W e 45 L CRL AR S =5 52 45 38 o LUl 7 5K
B T BRSO

TRAE 45 L AE B 1 T AN AT L 3 DA R A 20k
iR, Eoe W IT 2 b, T BN Al R A O oF
BT B0 (ATE)

ATE=E[Y(W=1)—Y(W =0)] (D

Hp YW =1 F YW =0) 4351 % 4K (1) 7% 76 T Fil
&t LX) HE 2%

FLUAEAN A2 T8 L T PRIORE 0] LA A R A1k
TR (ITE)

ITE=Y,(W=1D—Y,(W=0) (2)
Hrp, Y, (W=D M Y, (W=0) 435} %} F=— B G
[ ¥ AE T PG SR A X B g 2R

DAL SR HE BT %) s A a3k DA I D A 2 SO0 0 4
HAS T BN . 248K b A DR i T A 0 0 T
T 2 A B B A B R T T T A 4 = B e R Al
R .

(1) B g MR % (SUTVA) $5 4% — B 9T 19 18 7F
G5 AN 57 T A B 5T 1 T 1043 C 5% ) o A 582 U L BRL T
bl [515E I  RAR  I= wieedl [5] 7 N 1 e R W i G
FRAFITH T W4 R A —F B R4, H A
AN T 08 kR A 2 5 BOR R 08 e 45 R

(2) W] Z2mg VA B (Ignorability) 45 45 % ¥ 5g A%
i X6 — AR T A BEHL T WS T e 4 R A
HS B W ILYW=0),Y(W=1) | X. {£ 0] Z W%



10 4 T T 4« T DR SR A BT A 4 AR 25 A IO o 2 5k 2313

PEMR T - HA AR ] R85 748 1 T (19 BT X T X 26
JCHY T 053 BE AT LA 1R 2 BE AL Y.

(3) IEAH B B (Positivity) 8 X TAL AT X {8, T
BAF AR AR AN PW=w|X=2)>0, Yw
and x. $#em)iE U X T BARR X 1A o 5 e 2
HAT — 7 A 3R 3 32 AT AT — T 1 Tl

AR 255 1) PR SR A5 Y, V5 7 25 RAE B2 AT L) B 42
At PSRN S AN T AR R A SR AL ) mi g T PR R
ELJE T 7 25 SR HE 5 2 6 1 — S AR i R % 0 b
SCHp R B AR E P AR L AT 2 Al R R TE AR .
() Fsf o V85 7E 45 R HE SR A 18 T 22 K o Y A4l i Bl 1L 52
5% 2K T B TR 2 748 55 19 52 i) T 45 Ay BT SR A8E R AT LA
18 Bl RS R A7 B 5 2 ) PR R A B 9K T 495 4 PR 2R
TR 5 AR e PR AR (] 45 A8 O B 9 HL AT REAF A IR
591 1) R B 2 A T T A S T EL L 25 R PR R AR A A
s &l A R B T ke A A A0 AL LA b R AR
RUTENL & 2 2] 045 HETF 2 g0 SUEER A vz i i 1
LR RY CL 28 g E A2 S A0 1 A A B
TR 235 SR S8 S MRS Aty o T 25 4 DR] SR ASE AR B o i L.
3.2 AREHHE
3.2, 1 ) PR 4

1w 7] 7 45 43 (Propensity Score)t'™ 24§ — 4~ k¢
AR G T B A0 PR A ME S L 0 R T LSS B 1 RS
Ak . 30648 ] 4 3 43 (Inverse Propensity Score,
TPS) " J2 — ol e T M 1) 43 5 A 3 {1 44 A 3
ZLRIXT B ZH 22 8] 1) B2 o g3 A A DL B B FEAS AR
s QR — AN FEAS 40 TE 3 Ak B 20 A A SR ARG L B 4
BAEAL BEZH A A AR s I Z IR K. TPS i
TR A A 57 A B AR L SR 5 R X SR
VR ALEE 6 B R B 45 SR AT A, T 75 3] —
ASTIMAAE AT - 8 45 3% A ALk 72 w] DAyl 20 TR
V6 DRI ZE 0 52 T o AT B A iff b A T o A B 0T 45 2R
SR BAAOR UL TIPS Jr ik 2 B F - (D Al i R4
A A 2 AL PR A, BRI ) 23 %05 (2) TR A
TR TPS ACHEE L B 1a) 43 K5 Ay 80 50 3 A A R R
AR A (3) MG 1IPS AL E X & A~ A1 Ay 25
IR VEAT A 25 45 1) 40 P 41 Fn 6 B2H 1 - 34 25 1
(4) PA A B2 R %oF BECA 1 SF- 127 45 L # B o Ak B
XA R 2. 3T IPS /9 Jo w4k 1T 2% 7T LA an R
2856 R Jie /M R ECR IR

8111(;’r(6))+Reg(8) (3)

arg min
0 o=

Horr .6, Gra 7 () 48 J5 IR 1 A5 31 8RB Reg (0) J2: Bl

k3 AU 0 T D0 I {5 o B P AR T R — A
04 2% T A T

TEHMERE R G B8 i 25 25 S ZO00 I 320 /% Fi P -
H P 5 PGB S AT A — 2L N T
DR A7 3% — R, 0] LKL TIPS AR 48 1E 3 2k R %
A 328 T i 4 A T HG v A 1] S R 1 AT D g
G A T i 14 28 30 XL G R B5OR A 280 % ik i %M 22 AR
SCTEHERE 2R GEVEAR B Be i 25 0 5 3 iF 53 v J o 1 5K
PRtz RS H IPS B9 ad B MR . e TIPS
F A R W T 0 RN A
3.2.2 WEEHEN

W EE E A% PE (Doubly Robust, DR)M24) 2 — Fif
JE TR g I B Ty v e AT D[R] B AR e 2 B 4
I E] AR AR o b BRVE VE R R 1952 . DR AR AR
LR 30 2o g S — B OR Al T Ak BRI 25 R 2 ] Y 0%
B SR AR 8 B R R AT SRR 3 % L DA T A5 3 5 A
Mai R, 5 IPS JrE A & . DR 5 s AU FH & T
A FRANZE JEZ IR 06 &R 0 25 [T HAth K 3R ) 45
14 5 W . R R B P 1 SO o R AN ) 75 3 B[R] 1A
FEERY o () — AN S A 0 I8 4 B B Al R — 3
. HAK UL DR Jr ik B R AR < (1) g —
TR AL T4 B ANEE R 2Z 0] 06 2R (2) Al TR LAY
SR A BN XG5 B B 5 (3D A T B~ A
R Hb PR AL L BRIV 1] 73 %805 (4 AR A8 5T 1) 53 K A0
A TR A0 (X R A A A 1) 25 SR AT A3, 45 )
Ak P FO6 BEZH 1 SF ¥ 85 R 5 (5) Bl B Ab B A RN X
WL B - 35 25 L # B i1 A 3T 285 2R 0 5 . WL
BEPE T i H AR s B T -

0u.id i

Epr :El)k(;‘ar”):LZ (éu.i+ -

nm i ])u.[
Horrs e, = 8 Gry o 70 22705 UM AR 00476 ML 22 18] 19
TR 2E o, =2, — 0. (ro 7 F R 4l A1 5 22 70 U
R 22 Z B AR 2. e Al 3550 D FH P N30T H A0
AAXS TIPS J5 ik DR J7 ik W9 400 s 02t 2 [ mf 2%
JE T AR BN SE R 2 6] 1) 5% 28 R Al R 20 £ R 1 R
Wi, R EE TPS J5 i 3 HA & iR 1. (H e 2 d s —
AR T SRAG T4k BRI 25 2R 22 [ B S5 AR L A 2R AR T AN
HIRTGREERAS AR B U e
TEAfESE 22 G809 25 A BT HH - DR A 3 4% 3 5 1
TE A KR 22 45 5 1T 1) 23 B 396 TSR 2 i A 1 14
HERR R, 5T -3 H 2 6] 77 7 g s 58 AL S . DR
it T 308 A R TN 5% 22 A R R 25 B IA AL 5 ok
PR AR AE R ARG L B s b AT AR R

) @



2314 it "

Hl

7 2024 4E

o
=B

TE T4 0 158 22 1 R L 230 3 T B 2 O 1) P B 43
g [a] B A — I 7E R 25 DR J5 3475 e 2 +F
H A AL B8 . 5125800 1PS Ji kA 1 . DR J5
TRAEAR R MR R T A O (R A S B
Hp L LR PR A A 1 [l U AR I R AR AR ) o
1.
3.2.3 HWHRTH

b SCER R IR R A T T IR
S F 5. H R SR I AR B B0 B 1 B AT ST
FTT , 4347 2% S5 22 (6] 09 A DG IF R Bl A8 A 04
8 A1 . 3 5 T 00 0 5 4 ) A G M A 5 I 3 T T
At 22 () Y R 6 AR LT T T AR A K
i oA AE PR SR R v, T T i 58 A 4 el i s AR
S AL R 25 At A5 114 728 b o DT A A 7R it =2 (]
R R SR G R LA b 3 22 of PR 2R T AR g S — A
A b S it A [ A A 2 R A 3 B AR AN
43 7 LA A 5 11 5 e T AR A TS 4 A DR SR TR AR
T IR Ke A 48 % AR B A T R
245 ) R S 1) AH O 0

do ik & — B HOR 15T R0 1) 2 T
HOYREEARRY BER v B HECEERT S do(Y=y)
R FRXFF AT N, A P(Z==|Y=y)Fmx G
Y=y NEMN Z=2 R, P(Z=2|do(Y=1))
FARMTIY FE/H R v I, Z= = fRE3. AT
RAMMAERU.P(Z=2|Y=y) FRHRZEY
ATEU TR Y =y AR E A REAS X R Z = = 11
AT P(Z=2|do(Y = y)) R W& # 5 — D FE
AMY BERTREE RN v 5 Z== AR X E
et AN T IR TR R B 1 4 A i LR
SO SR AS A D e B 1 A3 A A do ek 2R
PR ] 1 45 R 8 DA DG KOG 2 v L3 TR R G R

F Tk H A R WA A 5E do KRB TH 1y A& AF
WESE B0 fo] 76 ABE 23R 1 B8 0 ok B P 2% do Rk AL
T TET 4 80 a1 SR o e A R AT T T A AR Y
AN TR IE AR PR B AR R A A2 B R
AL B AT R 5% W) B T R B — SRR AR
HEAKMTRIE. FE, Pearl 2 AV H T — 48
R PR SR T 5 1 Dk A PR AN

JE T THEN 5 L 7 DAG v, A8 R4S Z MN)
F— AR A X G YD 3 2 5 TTHEN] L 0 (1) Z
WEAEERE X WS () Z B T (X, Y) 2 8 B
A8 X AR GIAE 1 B& A2 AT LLFR N 5 T #6542
HE— 2P UL MR — AN S XY WG]

HE L A8 248 4 XBI Y (9 DRSRAO0E AT DU i an R 2%
A AT -
P(Y=y|ldo(X=x))=
DIP(Y=y|X=2,Z=2)P(Z=2)

g X ARG Z O R B SE 0 2 AR
L NTHER do #6353, BRI AR B do FRiKH
14 2% PR MR SR A T PR 2R 800

EMEERG T FOR TR T — DA iy
TR, satrild do 323Kk 50 T WOF AL AR,
BNy 5 ve B AT FE O 22 B 52 e AT DB S 5 )
EAF AL HEAT ORI RE L DL B A AT R TR 2R AT P 2%
TN B 52 0 T8 S T TAED  mT LR O O R R
GirbrIR Z2 R L T i i s A7 =X, LR DR 13
DS T o 3 ok AR R R A Y PR R A A RORG T
f 1 50, AT DA G ot PR AR HERE RGP IR R .
FH P 4 AR B 1 T R R 1
3.2.4 R IAERE

J S SEAE PR A AZ O AE T I — R R R P T R
AR AEA A 1Y R ST s — A (2 2 A
LRSS 3. 2.3 L T AR X = R S
TR X RIS X BE AE - AT,
2k 215 P 3 A R 2Ok il 3k B g 592 1) J R 3 AT L) R Gk
s AR S PR LT X =0 I IE R Yo (Y) s
MR X=1 i, WIE Y 2] 224k 27 1 4
29 S = S B AR T ORI T S S S O Tk

XA B — AR M, 2% AT B P AL
X,Y. 2 M ERH X=X FHRIAKM e
MR, I SE Y, Qo) T Ak LRy

Y. (w) =Yy, (uw (6)

BB M iy I FH 5L Y, Qo #E XA IB G T
BB MY i A, — ok Bt B g S35 LT /Y —
Fr )

€))

IF X=x THENY,=Y (7
QR X T AE A AR A — Sk SR AR Dy
Y=XY,+(1—-X)Y, (8

S SHE T AR AR R - (D WA, T
Wit E=e Sk8fE U MIH (O FER]. BREA M, BB
Apte X HBAE B T AR X = o R Al
RAFBIERREAL M, 5 (3) B, {5 FH & IE 5 i B R
M AU AT Y BfE L B O e e SE ) 45

S S R A R RAGE AT PR DR B R AR, 1
I S 5 5 B L G SR G AR R MDA 3 A T
M, AR 206 B AR Hp 8 25 2R 72 gl s D I R Y



10 4 T T 4« T DR SR A BT A 4 AR 25 A IO o 2 5k 2315

SR SEY . PN 0 B R BACESR RS B T A 46 1) XY
ik AT DL, 578 Y QBRI AR iy 5
Y x ORI L 3 A 85 4 HAEAE Bla A BB v s ar . g —
AT LA A TR S S A R B A 2R — A AR
B Z W XY A TTRAF AR 2% TR A 1 2. 18
B Z KM RESL Y ML T X e
PY.IX.2)=PX.|2 (9

RIEHTHE T Z MY TIERFLFMET
DI T A X 5 Y, R, DR R SR
HEA J B

TEAE 7 22 58 2 0 10 IS0 T v o B o S e B 4 3
AR . — 7 T R 0 B R T B3 S
FRAE 5 SRR AR WL Y K Hhs - 36 I A i o s s
] B Bl » AN (SR LA il HE 17 2% 46 T 1A 8000 ke 2k ) 7t
O 384 iR AL TR ) B8 A O T LA DR R E AT 55 P Y
AR S DT A g 2 A Ao A 22 5 —
7 1] AEHEAE P55 J2 1T S S S A BT DR S A
S A PR (G A Ak BEOR UL i fB s B T AT
IF S AER . 53 S st i S 3 S 4 B W DA R A A
FOI T R L B TR R S BN
B T A5 8 s S5 1 S S S R T LA Bl T e
JINKE Y2 - 1) 9 2 530 - DSCHE RN 3k 1 2 T
etk w16 5.

N T AR U] A7 5500 10 %o HE 75 28 8 Y v
ZE AR A SR SAORE I TRSRAE W7 A9 R At . R 58
W o M AT AR LR 25 M SRS . FEAS SCER 2 99 o i 22 4
3053 K i B i D 22 580 3 B B 4 i 22 A0 PF A B
Bty fin 22 . 45— [ Be 9 D 22 #1473 45 52 19 Bk SR i
PR BT IR TR EOAR LR SCE 4~ 6 1R 23 i)
I 2345 B B i) 25 i 5 -

4 HBEMBEHERTE

TE RO 9 B« i 22 32 2k I8 T 1T 5 3l 40 1Y
W i e AR 1T DA KSCHE A A A 2 Ok M R A T AR
FEWT I HHE 2 AR GE & O 7 i - F AR 2 M DR AR A7 AR G5
R O A S 1 )L AR X R R L HERE RS
B0 FT LAY Dy =28 LI 3 B A i K00 | S 0 WA 1Y
Gt 840 A UL E B B O T BR A D 2 B
i 22 1) 5 W ISSCHE B BE 2% i 1) 3 7 3 22 PRI T
Ao — Jal i A 3 B 3 52 s () SR Al T AR UL 2 9
S0 » 7R K R O I R 5 3 — &2 Tl 3o o TR 2 T
i K s 8 B i e A D 0 1) DI 2 3 AT 2 T DR 1Y

BE AT )R 3T R 20 B X 2 T5 15
4.1 ETFTREXZEMEHERAZ

7 R G S 2 S AR VI 2R 2 58 2 b
PLERSE (MCAR) #9158 B F A 4R T 78 52 A i 57
H X PR B AR AR BT £ T 52 B RE AR ST 0 SR LA
BRI H 9 A 3 £k 45 DS e UL 2 Y
Py s 52 B A e — Al BE AL sk 2k CMINARD B 3%
LR BT HERE ARG B i 2= % R D 2= ) —
b 7 5 e AT S 5 3 () A i o X 2 A A L
Kodls AT P 2 S A B AR A S 2 I SRS
P S SR AS 5 UG R AR 4 A A — I R AT L
SCRFRZR AR WL A 46 25 18] 7 R Gk 4% 1E
P A [a] I B g 4 77 9 P BE . AR Al 0 dhs A B S 28 L
TR S 23 0] A — BRI A3 R o 20 B 03 LA K
58 7 57 P AE 3.

B BIUIEE R R s R B AR K 2
JER T 3 AN 4 AT H R Bl b v 3k
7 TE 1) BB & X R B 1w S 55 7 37 R LI B 14 52
BN R S T 0L K s T R i 22 1] A8, Dong 2
NRE TS T T R S S AR SR LA T 4
FEAR 2 AR 51 0 SRR 50 T3 Ao A e 4 e A5 2 -
o ) SRS REAR G fff 6 4 O 2 TR ) R A IR
9 XSUTE 45 42 Ty 5 U0 A e ol SR 004V I A SCHR 51 J 2

SR BRSO FEAR AT IR A (23 A 5 ) B AH R
LI B4 A o3 A T X BE RIS R WY i el B g
SEAREAS FME TE A i B8 - BE A 80 BT 25 H TG A 1Y
AT,

% 2 FEBEHLER K (MNAR) 5 # 17

WH 1 WA 2 WiH 3 WiH 4
FFta Vv ? ? X
AP b ? v X ?
P o X ? Vv ?

T b P B AL G 2K BN  Saito BN 2T
B A B Al X AR = I R AE AR R K
Pty T — MR JE 5 1Y J0 A%~ O ik R AN AR X
PRI AR R B AR 2 > A2 I Horh — > BB
T 28 BV 23 TIN5 4  B E T Shy OA XLI A AS 2 2
AT AE B ONARAE . 1% 5005 1 i DR R 5 Al 22 I R A T 6T
T 73 A VT AN ARG D g O 22 B9 TR AL B T — AR
SE A 1] 73 3R 1 64 T 0 PRARB R eR B B AL R T T
EAF I ME— B R IR A T 2O g =R
BT A 5 2% BE R AR L Wang S YN
FORIE I A T A ORIk AT S e



2316 it "

Hl

7 2024 4E

o
=B

AT AN SR SR AR A fF RO S A CVIB,
DA figg o Al Bl B S5t 2K K5 5 7 T AL 3% R SR T — A
G it 25 E R TF 43 T AE AL, — A 45 25 R b I
SR R AR T P 1Y s g SV 43 o 4 A AR T R
S 5 S AR AR 3 B — ol AR X - L A Bl T TR B2
25 FNJ7 22 152 0. 3% AR B UK (5 5 3502138 1 ]
FHERE RGN RSS2 ) R AL BE 8 A 5008 D 22
M2z RS 5 AR R S AR R &
(P e T & B M. Yang 28 A6 S 35 52 4 o B
RN AL S R TR TF% I kg
BLHE A5 i 0 S S SRR AR % A T T A LR
AR B 55 AR O R 25 22 (R 06 R BRI T AT EE
ISR IIE.

SCHRLS5-57 IR Sz 2 S A7 7 91 B0 80 1 54 2%
fift T 5) 44 7 v 0 B50HE s 5 RN AS S £ ) B A T
HNVEAE v 2 > B R 1 P R AE L SCRRL S5 1l X
bl 2% 2 SR XA 0 2 5T 40 P A A . 3 A A 3
WL E I R TE il 5 1 R O A i SCER T
AT A P R RV R SNS L AT T AR (H R
W 7 ¥ A S B L P RT BB AE AR — i R L R
6 52 2= 3k 8h 25 1 F P AT R B diE B Wang S
R T AR R S Y B L T T = RO 8 4 5
JEL B o A G — 0 87 5 % B WL A 3 L — T )
F18) SR R 753 AR — ol 1 ) ASE TR ) SRR T 1, Dk B SR
B 1 5 B AL T A LI RN . SCBRLS5-56 1N E
TR i B X B e B L i SCRR 57 I S g S
i 2R 38 8 P Y B xCR e B e Al AT 4R T — b
J2 2552 P A4 B 7 1 CCR Sk A= i 48 3 114 7R e E A
5 BN G 20735 A B 3 S5 R A R 8 T B A AR
FE TR AS B WL S A DL 3k ) FH P AT o B AT 8K B 5 i
WA LIRS R TR 12 AL RE . DA =R
B A A e 3 ) B S AR AR R T T Y A B
R T IR B 00 R AS S A 2k W] B CCRET AR
SIS 7S 5 S SR L E A T T AT A R

H 4% DA F A 90 Kk B, 5 T i = 5 28 ) 4 o 1 25
i 7 125 38 3 AR AR AL P ZEAS W) 25 00 R T e i
(A RS S B AL T 00 A T P AT S B TR NS R B A
Bl F 45 7% R A IR T 0% v E A 2% (HZ 3K R 2
SR MG T B A 2 I A AR SR Ay T R A R S B 5L 1
LA T BB AL .
4.2 ETRRBEFEVWERAZE

TEMERE 7 G0 S T O B Hhs 2 1 — b A2 0
A A O G 5 W) 0 50 H  SE  R E  BE AIL EE EA) Y
J7 AR WARAE 51 B dl Cuniform data). i F

T T 5 M A A2 35 6 O 22 R R ' A 2 14 52 T L [ I g
i L2 R ] 48R T AU HEE R G R
AR 57 FH TG s 5808 7T DA B s T R S 2 Ak
FS T o sl St 77 2R G0 B Al B A 1 Al B 2o i
M 't 1) i) A

T 5L T J0 i Bt 19 2 B 5T b o A T A
TG s B A5 1 HEE R G0 B AR L XA B BUHE 4R S T RE
WD T B 22 A R T 0F 5 RS AE T AR
T PEAL A AT B HE SR L H R W A G BCE 1Y
BG4S  Yahoo! R3 Hudlg 45 S T B HLHE #7119
AR B 5 Coat B4 427 S 416 T I P Xt B ML J 7
Tl 3T 43 s KuaiRand £ 45 42 46 17 F P o B
BLAILATE ) 5 S A5t PR oA WA G O 80408 174 LA AR 1
T HOX SR AR LR k.

WETEEATEE 1 A [ 1) 5 s R 1) T G D £ 4 4
S 7 7 fE. Bonner S8 AN 5 42 i EB 43 Bl
PLEHE 04T 2o . AATT 2 7 — b i 1 Tl 1 5 g
) 50 B 43 iR 1 CausEL I8 R 24T 52 ) ik ok
HEAT N5, 207 A0 TG s 280 308 R i 500 Bk 6 2
> WA AR I T O D A 3 A A 1 22 5
HERA LR R BN
L. =LWwe,.Y,) +0(®,)+LUe..Y,)+®.) +

Tk

200, —06.)
A L P

IE 3

H .0 0.7 52 dh i ¢ FFEEZSELU 2
5 P A B AR S50 L 48 5k R R @ O GE
T 21 S X O A SRR IO T L 1 OB A
—AS/IVEEARS (19 J0 i 548 SR B2 TR 1) ROR
WA 2 0 3 - 5 400 ot g D' O MR o 7 A Y. 7 ik
W e 0 T 20 S 0 I O e Rk (R T Bk L B R
LRI AS By 1438 AN .

Liu % AN HE — B BF 58 T BB AL i 2 i
AE. JE T2k b A/B I RS £ S g s B R
{3t ol FH TG fi 200« L BE 5 22 i O 22 I AL 412 1 #f
FHITERE. SRS R AN 3 s,

il g
1o

* 3 ZRBIBENEIERE
R CiEiN Bk AUCHR & L cCPM 4R
99 %6 A4 i 5 0. 7571 0.0%
99 %A i -+ 1 %6 To i K 0. 7689 2.98% (3R TP

T A O R TG i B AT B T —
i FH A 0 PR 28 I AE 42 KDCRece 52 PR 2% fi HE #7. i%4E
SR BAZ L 2 DTGB B A0 Hb 42 A B R R AR
A B s AR A I k. A 3 B S T AN TR Y £



10 4 T T 4« T DR SR A BT A 4 AR 25 A IO o 2 5k 2317

JE o o 15 A5 R %SRBI R RR 2R R 5 ik
XX e AR 7 9 M e R 2R AR D SR IE T
i 208 1) A R 9 HLAR ) KDCRec & — i H
PEAR w5 1 TR 2 TR A 2 L BE 8 WA [] 114 A JBE A S
i B g AT S SRR L O A SE S AT PR A T AR
b O F 5 8L B

HRRAH

HET AR

BEDL [~ g
e

BN
b

A | BB

& 3 KDCRec HE %8 &

R W 5 ik . CausE Fil KDCRec, by 5 F TG
s R MBI PR AL T 58 40 0 B8 E RN S L. O T
Mo LAw o vERe . BE R 18R T 2 DOR R 7
T o ) R G O B8 B 5 . i an, SCHRC63 4 T —
Tl 850 1 L A ek 45 A8 G A 50305 Sk 3 2 R 3 i DL
B A0 ) A R 2% SC AR A B vE LTD W) L g
AN ) P A T 1 77 25 o DT BB A b iz AL RE R .
R G W BR AR R G P i & A R 2% Chen 2§
O ARG, 22 5 14 ) B R R R RE R 4
Hh 25 Tl i 22 19 R U A1 445 T T 4 6 XU s R I S 3 AR
DRV 22 ] 1 2 5, 38 2o 0 /N AU 25 5 4 5 oh — >l
M) 2 MAEZE AutoDebias. 1y —Fl B 3l 2 19 J5
% s AutoDebias AL AT DA DA 5] (9 f 22 [a) 8, 38
AT LAY F B[R] i AE AL b, B AR B A 3 3
Li 5 001 e 42 0 2 8 G O 0F 3 508 R oF
4 A 5 v AR SO0 TR 2 R R A AT A i AN Y
P Gl 25040 ok A 1E A5 R 2 5, 3 3 it - i A R
— 25 1) 3 5l R v T AR 5% 4 = T TG M 5K
I 1) e FH A50OR.

DA B HEFE J5 vk — M HAE A D 550 i — b ] 3K
% FiEATPPAE. Ding 58 AW 8258 & BT 2 2500 05 %
BARAE IO R A b RO B L AR AR IE R A
AR A PERE AN RORBRAR. S 1 7 P A B 1
15 R » 12 SC I VAL S — ol 6T PR 28 5040 20 1% JR A 1Y
HEFA R, VEF BTt T — B 3k 45 25 1) 4 7% 198 AE
48 InterD, PAF P 300 H % 28 5310 %t 35 55 169 3 43 43 A ik
AT HIRL BB 1% SCHR W T I IR S — T A i F1
TG T ol PR A5 L ELA SR R0 AP RN

DL 05T ke B BT T BCHE 1 2 e i L
I 60 T O 14 K50 1 o I R Rl R A B A T
YA R 0 000 2 A 285 2 o T L AR X 3 R S s
() 4 35 1 7 3 5 D/ T %o A2 R A T B RS AH X 25
St AFL S 3 A 25 i SR W AR e B 1) G A B HRR G
B R IR e EL B A 8
4.3 HftAmE

FEMETER G IO — S B DR BB 3
B AR 22 5 W0 B 0 22 B R 25 45 2 e T AR
() VERA 1 AN . Zhang 22 AN BFSE T R
T ZAE & AR AR R G R R 5L g
Sxad BEE AR LB P B 3 3k ot 5 8o
S H P I 4 7T 8 A AE . DR A R )
SR AT R R R AR IE T R N 22 AT
T Y B LA ) Oy Ll A 2 s
LR BB X oy P I B R S A sh %
JBC A= A I B A o DT iff DR 3 0 O 25 . 6 A A
FET IR A 25 98 KA PR H R A K AR R AR
T B B WL BT ) 35 e e S AR i ) 7 BT
T ZA0 T P I B S %8R Zheng 8 A X i
i 22 64T T IR AT BT BV UE  $2 1 T 37 1 G 1Ak
FE bR F B3 57 AR DR 7 58 oK U K A 22
T b A AR PR AR T R DB R 2 L SCERL69 ]
i FH A1 SR P10 B T AR A Sy TR 2% A1 2 0 00 A4
N I S0 1) 5 L 4R 5 T 2 B0 4 # A
Bz AR B B K A 22

DL B TCAERHE T HESR 22 58 b — SE 55 37 50 1Y 4L
P 22 AU b HAT BB L i L AR A S5
P A SEBRBCR X T3 m A R G P
Z: 55 RO R B L

gi BRIk HETE R GU U B B ) 2 A BE oY R
A B PRI SR . FLrp 3k R g 5 A A4 1 Y O
FH R 52 3 ARG 51 27 2] S S5 SRR AR (H RS 7R A A
S 2R VAR 5 R TG A 5 90 1 7 7k DA SIS 1 A R
i B0CHE A 25 BB 0% A RLCHRE R TR £ v A M (R T R
B /N FR 25 55 4K A5 . DA DR 2R 4 W e of i 92 45
(R FT fife R £ B SR A B8CHR B B ) 25 A g vk v, AT
i T T2 R B A 50 1 5 ) oz g S S 2 A
HEFE . 4, CCRY™ 3@ 28 % P 58 7% R 48 0F 47 B /D
A0 A B g S O G — oo R AR AL T i g S
B R B RS R 5 A 538 AR B A HE A AR T B IR
J2 1 R B A R

B A BB RGBT T DB B B R 1 R R A
ik



2318 it " . 2 i 2024 4F
T4 HEMBNBEREFEEZRAZ
A . . - PEfE o s
eSS F AW T7 I 17 HE 48 N FH 5 P T Py T SCHR A R Kb 4
OCCTRU50] LR/FM e B 2= Vv Vv CIKM 2019 Yahoo! R3/Coat
IF4URect ! FFM e PR 22 v v SIGIR 2020 Yahoo! R3/CPC
ATE52] MF-based e P 22 Vv SIGIR 2020 Yahoo! R3/Coat
CVvIBL) MF/NCF e B 22 v Vv NeurIPS 2020 Yahoo! R3/Coat
BPR/GMF/
4 38 2 CPR5] MLP/NeuMF/ RA 2 v v CIKM 2021 MIND
S8 [A] LightGCN
Causerecl5%] MLP IVARITES Vv Vv SIGIR 2021 Books/Yelp/Gowalla
CASRE56] I;i::f((;lljii R A 22 Vv Vv SIGIR 2021 Moviel.ens/Diginetica
CCRE7] EN‘\I/CNN/ BA w2 Vv v Vv WSDM 2023  ML100K/Amazon
Transformer
CausEL61! MF R A 2= Vv Vv RecSys 2018 Movielens10M/Netflix
KDCRec!62 MF/AE A 2= v Vv vV SIGIR 2020 Yahoo! R3/Product
i 1 G A LTDIe) MF/NF PR 22 Vv Vv WSDM 2021 Music/Coat
s AutoDebiasl 5] MF/FM/NCF RA W2 v v SIGIR 2021 Yahoo! R3/Coat
Bal-model(65] MF/NCF R4 22 v v Vv WWW 2023  Music/Coat
InterDC66) MF BA 2= Vv Vv SIGIR 2022 Yahoo! R3/Coat/Product
NBDL67] GRU =Wkl P Vv KDD 2022 Last.fm
FM/WDL/
HoAh Jr ¥k DVRL68] DeepFM/NFM/ WK 1ff 2% Vv Vv MM 2022 Wechat/Kuaishou
Autolnt/AFN
D2Qlso] MLP K i 22 KDD 2022 Kuaishou

5 HiEMEBRWERAE

TE S B B o i 22 5 2R P T 2 o] i 7 o
AN AL S K A 43 i 3z P DR 2R SR DB AE 22 3 iod vk
S S 10 2 T BIL ) Sk D /0 e 22+ DA T 32k ) B o A )
R Bk BLm L Oy k ERAE =R TR
BRI T BT R T WO O3 vk AR T R
SEAHERE Y 7k
5.1 BETERKRTFFEIMNERAE

PR 2R 27 2 2] R BIL A 27 20 7 3k UL 2 3 v
PEAT R BRI LR o7 o) FEHE A R G0 e T IR
BRI W T7 1 — O ST U R B HERE R LA
DR R A A% I B il A B2 LR T LR 28 R A
111327 23 i 9P P s 00t H i) o R AT 4 A B T AR
BTN 2T 1 05 AN AL RE TR B b AT P Y A T
P LA B A R R Az AR . F AT T R RO
o7 ) IR 2 A A A T A 2 2 R 1 D 2R s R o)
TE A T K030 B0 858 v AN 78 1 DR R 37 Tl S gk

TEHERE ZR GE T - A HB 7R ¢ >0 38 3k %F T P A
I BEAT B 200K B2 B8 0 » 5 A A B i T I 7 0L
AR VA 1 e DR AR T R R 0 A ) R R
AN 2D RERE 0 85 55 T P Al e A S 1) TR 3R R A i 2%
PR O B Am bk T 48 46 T — R4 7 8. SCHk[70]
S e 41 H M P B S it v A S TR SR 37 19 T k. At
1368 5=k DR R 23 BT 8 T 00 0 i ) B 0T TR 7 A

M7 B R ZR < P G 2R I P — S0k AR AR
XTS5 18 B2 T — 0BT i) i A HE 42 DICE. fn[&] 4
JIT 7R 2 HE 2R ) Bk 1 ik AR 2R OR P 2% R
TG [ 52 A0 AR B O 3 Ao A o R PR I R AR
AT 4 i B ORI R A A Zhao S NV 4R R Y
DCCL B3k F T SCHRC70 v iy B SR B s o (H R 7E fif
FRBE AR 19 1y A 52 305 ¥ A TR [ DICE i
T 3 T A R R SR A T P A 4 A TR R A R )
11 DCCL D38 23 X6 B 2% 2 >f i A0 A58 8 1) B 40 27 fig
73 U HAE Ak BB s 1 v IR ok ) 1 A

(a) DICEPH &

i;» SRS
g I SEEVES

(b) DICER SN
& 4 DICE #z2Z2[& ™)

SCRRLT2TRNLT3 R PSR s 2 o) fif e AT
JEE Ot 22 B9 TAR. SCRRL72 193 8 1 AT B b 22 19 P A



10 4 T T 4« T DR SR A BT A 4 AR 25 A IO o 2 5k 2319

FEF N — R A B iU 2R O T 3k
SN R ER G EERTTY S, 2K EY M
s B P 0 AT A 26 2 20 T IR ME. A AT BT T — A
FEF 3T L 1) A A I 4% CD2 AN [R] B )11 2545 i A1 G
{7 CD2AN i1 DICEY \DCCLY AR 9 2 . J5
B PP 28R A — BOPE R P A TR S Ok
B AT B B 55 H 8 P A 2 5. SCk[73]
BETF T PR FR I 25 56 W o o AT B A 22, 2+ S 5 3t
178 TR I H ik A SCTE B HEAE 1) i A B BR
TLAT BE AR 22 1) 5 W6 W 52 305 4 AAS [] (4 2 A AR, 7
PR e A A o 2 1) R D AT R 22 . B
AR R ) 5 e R

TEfERI RN 2] 28 4 A G i 3% (VAE) 2
— R R EOR. SCERC74-75 13 i ] VAE fE 5 %8
Bith B Ay 1) HG A BB B (1 B R 2E 3T P AT B
0 1 AR 22 s o DT 2 v A 5 1% o 4 2 R T e R
Horp, CAD-VAE"" 4 7 3 i 45 #4) PR L A5 70 K
RV AR 2 Z [ A PR AR 56 & L i CDRY™ i I X L 2%
2] S i Ak v AE 23 ) v LR 6 R 1 3RO L (AR L R A
B 1l DX 3 A [] PR 266 P sk 3 1) s ), 4 T A
U b PR B0 54 T 1 65

28 ML HEFE R G A ST 76 I ST TR A A il d)
s e Ak b B I 2 5 A A D 5k £k 4 2 A 57 TR
Gy AL R TE B S A e AR B AR T L 3K
AR 03 AE o0 A AR AL B 1 BB T R o k2 A A Ah
(Out-of-Distribution, OOD) iZ 4k, [a] #51. A 45 1y K 37
FIRFIRZ IR R w0 P R4 &R,
Wang 58 NN iR R B OOD AT H
FURRE R A R S SO s e 38 T — A3
IR E HE B Ok b B P % R RR AR B RS AE SCHER
L7719 AR P AT 2 th P 2% e 8 19 AS 722 i
U 2 B IR % PR 3R L [m) e 0 Al A T4 s 7 — b
ANAS RN 2 T InvPref B P A28 Qi 47 5 0 7
i 22 DX 43 T ke AN AR 1) RS 3R 7 2 > A i 1) PR 2R
Foon 2 o] — i LA AR S e e R Bz AR R .

DL AR ST & B, Jk F R SR 7R 24 ) 19 250w 7 7
T oL 425 4 R R R VS A Y R O R L SR IBONE AR 1 R 2R
FRAE  ANCHG 5 T AR B P AT R i UR A B AR i L
B T A A HE R R R R
0 HH S A 2% 1R BB Ak B RN AR AR I 2, T I 5 A
A ¥R T 5 1) A 1 i A B
5.2 ETRERTHMMERAE

FE T DR T 10004 2 Ok A R DR T A e AR
(A PR AR DG AR L A 1T R R T A R
KT BR TR VA B 28 DT B A 25 i S M. R 5. 1 5 AS

[~ S R P B S O <3l e 1 I s R ) =l W 9 e
8 4 A R DB O ) R SR O R A B T R TR 4 R
52 T 3 26 5 I AN AN DG T T B — 11 1o o 92 L 17 L
MFEA ZR G000 R SR 45 4 k38 3 PR 5 18 R %
FHPAT g AR AR PR SR B A% L L3k 31 i i H Y.

Zhang 58 NI\ R HERE R G AL BN 0 AT
2SR F M. b TR AT W2 A % %
i) F) [ B R P GG i S e AR A T — AN T
ST TR V-1 04T B 25 B PDA. 1 58, A&l 5
e A R SR R A T A A T A A R .
(U.1.Z}>C RRZLHARZEC AP UBH I
W WATEE Z = F R R e m PeE i Z— 1 RoR I
H AT BE s 3 H i i . ot 2 PR AE X — i 72
B, —J5 L AT R AR S T R e T A I O A 5
Ty — 71 FH P R A A0 B2 3R 5 AT R
i I 28 ELE SR PR AT B AT AR R SR — [ B AR
MATBECIH T AL EARS C MIRBRER. BT
M Z i C fFEMAEE . Z>C M Z—>1->C. £
Srmt AEF R do B HE AT B HE 5 01 W Ak A Y
TH BR AT BE D 22 14 52 0 5 6 35000 b5, A1) 5030 ) 40
TATRE S B R B HE 4 R X R S L R
i s g R SR PSR A B4 3 b O BEAT TR R
TR R AL S — B AR R 2 S B T R T A
Fo A 77 vk SCHRLE79 R FE fff R 2R 1 30 Ak IR AT
25 A8 SR T P 247 A 5 N e AR
PR SR G Z R S 1] 08 o BEL T 17 VR 4 PR 3R 3 Y
JTTEEAR B T HERE LS R A L.

@

(a) G R A (b) HFRATEMEEE (o) NN EkZ—~1
B 5 PDA [H R FE g fe

SCHiR[80 It FH PR 2R T 991 1) T B Ak B I A5 496 A
2. SCE e N RUR I A B2 2 B 1 i 22 R 9 D A
FEA T A R 18] 22 1 A e o AR P R AR G O R
e 6 R, g U AP RR. T ABHFRR.D
Fon P AR H R BB 204 MR R BER 5 1
FHP R Y BNy, 2 PR T — A R IR A
RV HERE R GE DecRS, B 1 HI P 270 %t #0043
BRI . T B TR 2% R R R e ) G BEAE TR 1)
P P(Y | do(U=w) , 1=, Http, dolU=w) 7E
PR R BN BT 41 31 D—U T BELWE T D %t
U 52, J5 1R B 1 e XXk



2320 it " N 2 i 2024 4F

P(Y|do(U=w ,1=1) 53 ETFREZHEENERAZE

=>P(d|do(U=uw)P(Y|do(U=u).i, F Tz = S HE B G 4 E AR G a6 P AT o R
j\Z?d,do(U:u))) Far 04T DR SR A DB DR AL P AR S R B ATk

T B 1 A 7 2R 0 Sk SR 9 i o e S S A AL

—2 PPN Ndo U= MW-do U=00) ey e 554 107 23 00140 s 0 DL

=S PP |usi . M(du)) 11 L ot P P 60 i . 3 R 1% R LA R A TR R
deD

DecRS J2& /b ¥ fifk o 41 47 2 G2 i 22 50K TR A5 14
WFFE AR Z — % AR 0 Y TR 2R O A 4 B A T
Ja TR B8 (9 TH R o AR AR o8 3

EIRNEL

Bl 6 DecRS [H I & ]

SCHR [81 I T PR 2R H Vo fifk e 175 J% g 22 ) L. Aty
MRSV SCAS 522 B A0 1 AR PR A S P /3t H 30K
FUL I F 43 2Z 18] A TR 2% IR 2R L 38 ok 1 100 B B 1
25 2 10 B THD B2 L 3R — B I T IR IR AR B 2 i
HEXE Ty il R T 0 F B BR THERE RS
15 S DL [R] E S 73 98 43 19 J A 1] 8 300 Ak #E
15, Wang S8 N T —Fp R R & S T By
1 Causallnt 2 4b #2204k 757 37 5 2 18] 19 5 A T 4 7]
RO 38 ) AR T TR S S AR B AT R
Z R R R I H 53 5 Z A 0 A A R oR Bk
FRAE— . Ny T (R B A DRHE 7 AR G0 o 3 B 45 D
22, Xu NS T — A KR 2 09 B AR B R A g
R DCCF. & 66 P A7 o 5 R WL 3] 1) 1 7% I
F AR R L SR G Bt — A HT TR R A AL 25 AL
e 2 LATH BR AR ULEE B TR 2% IH 2R 1 52 . 25 %)
TEE SR G h It H B HUBAR K. ] i DCCF it
T A HE TR IR G G i R B AR {45 A
H 25 AR KA1 00 B kA 1) 98 4% Al o F 550 2 A B
AeAb M 4 TR 2 R 2R R b B MR 25 T R A
olth , SCHR (84 148 T — A TR 2% IR SR #7575 ik
DCR X} MR CHHAT G T3, S T i do i2 57
PEAR AT T T — > & M TR 2% R AE 14 {3
1A

Ph b TAEBR T T [R) 0 PR 1R 43 A S [R) A 22
M)A B R R G PR TS TR IS PRI 22 I R . K
230 T R R 1 9 Y 25 A i i L 3 i HL i e B
RKF R MESUTE T A7 5 11 I B 0 A8 5 4
S FEASZS (W] A o3 A AR ME T L 75 BT R E R
W&, G SCER(80,83-84 1.

i 05 5 P [ L O 2 S AR R SRR
FSCHRL70-72, 78 12 AL STHR L85 J DA PR 2 4 3t
0 B A DR AT R O 22 IR) L. A B IR BEA = Fh £ 58
P T - 5 ) 28 AR S T -9 Y D
Fe 2 BE L P 0 DR AR B LA R W i A B AT R
IR IR T AR E L WA 7O iR b T IR
AT RE B2, SCH 33T T — A4~ B 3 52 4 B A AE 48
MACR, W& 7 (b) FF 7R, K AL “ P -4 & i DC i
T B 76 P43 ) R SR AR o 4 T 3 43 Uk 2 P SR &
H (i 22 335 1 52 R B A G D 14 TI00 3 5, DA T S R
% SEHE R A SO 5 AR 00 R R e PR
SEFR S FENL T X VA Y LA R i 0 e S S
SEHEFRTEBR T A AT TR X T S 1 R

(a) HIE RHTFRIE]
bil=ei T F R

(b) MACRHEZEE]
B 7 MACR #f F 5 52 B ad #20

PRLSRATE W7 fie R Al & 2 — A R R R A ST
DU OG5+ A SR AT 2L 43 3t DU 000 i 43 v 24 B i
DR SR AP U S X S R ARAH S P i 1) 2 S AT SR Y
AptE Z (B SEPR B A AR R R R AR T
SRRV B A 77 2R G0 o R B S Ay IS 2 5
JUSZH ARG PR AR PR B H R AE S R L I 3K 5
AT 0. o T A L 2 i 3 B X T ik



10 4 T T 4« T DR SR A BT A 4 AR 25 A IO o 2 5k 2321

ARZ5 T i AR 2 2 53 O AR ME 25 1R 0 =k i I
JIKFR. Mu 55 A B8 0 o S0 A8 B A UK
SRV A A v VR0 R 58 VA R AR OGSy T R T
TE R ABAE SR AT S s A >0 A T & A R R
TE 1] F0 A ) S 5 R AR X R B — 1 DA S S S R Y
1 BT B R B R T, B — R IS S 7 L

Wang 85 N0 5 S0 THER R G R UL
i B, BIR P AT RE R A 4 g Sk i s 1T
AR IR A TFAE B C i 2. 7E X R 5K
i b AT AR SR ARAT AT B0 KON o 1545 Y
05 1) — 2 B BB o A O . SXOPP B R A S
WA 257 JB T A6 I 25 B — A A 3 AR R A
HEAT PRLRAE T Al 3T 7 B g Sy 1 60 TP Y R i
I B 1 0 A 0 R0 22 if B B0 o 1 U L. SCE Y
R A B I R 3 3k N S B i SR S R B O R AR
8 ELHEE RN SR A 40 it e A A U T DR 1) S PR AR

He 45 A7) 000 45040 25 50T P Fnosi H i 44
PR 2R 0 A 3 o o o 5 HE FEOR T BR TR 2% L R 1Y)
PRI A5+ A i S5 3 — b e £ 25 e 22 2 28 CIDR.
SCHRL89 ] B TE fift P 3 TR 2% 742 1 AN ] WL, 5 3L
IPS J7 e HEFE 2 50 P 0 IR AS 3 A2 AT 3 1) 4 i B
8 T L. A 4 L T — e/ e K8 0 UG HE 4,
JH A 4 72455 70 Sfe A5 4008 5t )5 1% o) A ] AL, 3 T i
TR I 'l 255 X T A #E FE 45 R ) RE A SCEEUE R T
P& By XTPTE 2R 2 Wz A AR I S IR A AR
fE3R AL 2 B, L AT LGS - 2 Rl . SCEk[90 ]
P& BRI S22 S O v R @R P I PEIR AT O AR
I U R O AR AR R SE AR A {0
A A 0 5 = S A A 3 (] )1 5 7 A AR 48 T A A
PERE. AR DCCE- A b1, # J& 56 1l i Bz = 5
Ak GRARAY ARk EE R T IN L H
P S 2 A A Sk e K B 2 i 2 H S TR 1 1

R TR R Top-K 7 & 4t b 040 i 22
B R W 2 > ) L 40 TR AR R A SRR R
MYNZRR0R 4 SCIRLOT 3 s T — DS AR T I
FEL 2 S HE SR P HE SR BT T PR IE L E 3 R
W DI P R 3 250 2 A5 R R o %o R kL 3 S
Xof BT S 0 SR 2 ) AT R R TR R R
51kt B4 i Y O vk S A SCRAR R AN R 2 Ak
1E T HAE MovieLens £ 48 Al 17 3000 , B = 7648
FEE 4 F Az AL PE SR SIE. Agarwal 45 AN o 5T
= S B HE 2 2 BRI T — A ) RS B E R
HEZE S T — A4 5t S Y AT Gl A 2 T ) o
A HEA H8 A5 15 H AR o0& 80T LUK FRS B R B Y
Tk HEAT SR M AR 27 ) SR S 80 e T AE 2R 1Y

SR T LA AIE A T i HE e {6 DA ke i A5 A5 R 19 G
i =7 23 o DA it R B3040 Al 22 F [1] .

TEMERE ZR 58 2 O AU 55 T DR RAE DB A9 AN 22 P 1
i 22 TR A A 3 5k S = 52 3k B A J7 35 Ak BEL. Huang
SENPHBEFE T 0] 8 R R B A bandits
WL SEBLR AR AR R R S S R SR AT AR
T IONS arm 26 8 35w 2E AT AR S 6 AT DR B o
WU d-o3 85IV K T —Fh 7 UCB Rk %k
Ao 0 4 S SO S 2R arm R AR HE A
SCRRLO3 IR TE 1 Ay 38 ok J = 552 H BRI 26 45
ISP ECHERF BT H 2855 AN A 1 [ . PR A I 114
SR H b 2 A RO AR R S A O &R L AL U
AR IR SR 2 (8] 1 PR 2R AR LR SR A e AR
SRR B 22 1] (4 AR O A 38 I U BT SRR AIE S A
R 22 1) 4 PR O 2ROk S B L. Lin A
WEFE T REAHETE )L A 3 38 1 % 18 g 4 72 10 H
5P AR SR RE S/ AL B A N RO L 9
R AR B B T B =2 1) 4 S S i A0 A 28 o PR AR
. A R O PR JRE 3t 48 g A /NS0 14 R )
RS A 0 A AT 22 TR 1 AS 22 5F-. L A5 N 5 Y
1 B 2 S X SRR TP R I R AR 5
5z 2 St A e R A T 1. e g St B e SO TP
(19 BB A A A A T T A At A DR BR S R T f
RO AR AE DR BF AN AL B T S S S A FBR T ik
Hh R P ) S T DR A DT v ) T R A B LA % A
B U R 1 45 T B a8 LA 8 0 2 B A L X BT
B i 2

AR P B 58 T AR & B T B S B Oy
EAEL MBI IE N )2 A L8 i 22 VIR R I &R
HE B S A BN 28 - i 22 26 ) AL IR 1 AR
2010 R K S8 5 1 A A R S S T DA B
W ERR AN R TE 7 58 00 18 1057 R . 39 9 4 77 10 i)
FEPEABE . (E R A R0 S o S A TR T o
PR TR R i 5 S R ) A 2R 5 T RE 3 BRI
4598 HLRAT — 2 i S HfE JEE
5.4 Hft7mx

XF T HESE Z S8 P A A R LI V8 TR R L A A
SRIARAR 10T 1 DR 2R i e S8 g% 491 4, SCRR[96 153
B 7 HERE ZR G il ORI R B S U TR VA D 22 )
R I T AR AL S T D DR R AR BT SR L 4R v T 4
PSR AE A7 A5 A I A TR VA DR 38 I ) o ) R
P SCHRLO7 IR AT T DA 2R PR R TR AR HE 77 R 4
H AR 5 2 9 ) B0 20 i o A R I R
VB PR 2 A 7 45 2R B e SCHR (98 TR 1 dn g
TRIEE =7 o] 55 DR R A B0 AR 45 A« )T DR SR 4 2R L



2322 it "

Hl

2 i 2024 4F

TRV DR A7 2o v 1) 5% ol i 22 5 () IR R R 2 )
5 R ) 58 K 37 8 T SRR3R A2 2% 14 L P A7 B XA
Pt VL E AR DA [ 1) A O 6 1 DR B 4 77 &
GE 2 Am AT FE SR A T OB A L A R AR D O SR

BRI 2 S 2 T DR 8 25 i F 98 L e B T — s
TR HEFE N 7 5. B A WUHE SR B A 1 IR
S g 5 A (1T AAEAT S A0 BT 9 4y . RGO i S
AHURE AR AT W ™ i 1534 A0 i i e AT 38
FP R R RN S 5 100 Sk 100 PR AR 4 e
IO P 8 37 A T A7 2R G804 0T S H Aol TR A AR AE
ZRfife R G i 0 R FHE 27 7 T e A PR AL L B HERE 1Y
R 1) P

g5 L ik e R G RE B Bei £ W T 5T 2
A5 = DR SR Hh T DR RN 19 K T ik
BT 1 2 T T TR A DR R 24~ P B PR R
HAT B 1 8 B PR R A 5 7 DR T R 25 A
795 DR 2R T 8 HE 77 4 2 B A R AT A R
A 0B Ve P g ) P o 5 2% A S AN TR 2 T R

o ICHEBIAY 25 i 7 5 0 A T e g S A HARE RO Jul
A ABURE 1Y 5 = 552 Tl AL 1 B A =2 18] Y R AT O 1
A LA B L SR B B ) =l 25 s SR Bk — 2P 0 gl T
RETE R GE 0 AT A R . B TR AR A B T R B R o3
HrdfE s o SR 1 J 9 DR AL Bl dn s 1] 4 () JoR T
DICE"™ K 75 P 48 O FH P % M R 47 3
MY A BE SR T 1 477 19 0T % B4 5 DecRS 730 #r
THERE ZR G A 28 R B SR IRl P 6 2 m T HE A
o R A R AR O 56 A& S 1D B TR BR TR 2%
PR A 52 0 5 Al 7 Ca) B s MACR f 2R ]
HESE T - DR BE T AR L W AT
5 PRor Z B R OG AR Lol 2 S o SEHE B BR T
A7 A 22 P53 i 597 30 4t 5 o PR Ll R 1 4 97y
LW TR AT D9 S 0 Z (8] R AR AT 3k
TR VA AL BT I  22 AN AR 8 1 #7245 2R 1 ofe
bk b S Th T HERE AR GE I AT R

5 RAS AR B T SR B B2 i 14 PR AE A
Tk

x5 BEEMWENBEREEEXRAE
) &b
M Ehin WOER RHER {fﬂ’jw e RO H 4
DICEL7] MF/GCN — 3w 22 v v v SIGIR 2022 MovieLens-1M/Netflix
DCCLE] MF/LightGCN  #47 B fi 22 Vv Vv Vv WWW 2023 Yelp/Short-video
BT cp?AND] MLP TRAT B A 22 Vv Vv SIGIR 2022  MovieLens-1M/ Taobao
EE‘ PIDL7] BPR/LightGCN i 47 J# i 2% Vv SIGIR 2022 ML-100K/Amazon DM
fﬂj CaD-VAE] VAE R4 % Vv Vv arXiv 2023 ML-1M/ Netflix
B CDRL75] VAE A2 v Vv TOIS 2023 Yelp/ Amazon Book/ Amazon Electronic
CORL76 VAE RA 22 Vv WWW 2022 Meituan/ Yelp
InvPrefl77] MF BA w2 vV SIGKDD 2022  Yahoo! R3/Coat
PDAL7 LFM AT BE A 22 Vv Vv SIGIR 2021 Kwai/Douban/Tencent
MBDL79] MF AT W2 v TCSS 2024 Kwai/Tmall
5T DecRSt80J FM/NFM SR AE A 2= Vv SIGKDD 2021 MIL-1M/Amazon Book
ﬁ CISD*U  LFEM/MLP/FM i 2 v CIKM 2022 éﬁgi"g;ﬁ;ﬁj@i{flndw Electronics/
XMW Causallnt(82] MLP 7 5w 2= Vv SIGKDD 2022  Ali-CCP/Industrial
DCCFLs3] MLP HEE Y i 22 Vv TORS 2023 Electronics/CDs and Vinyl/Yelp
DCRE84 NFM B A 2 % TOIS 2023 Kwai/Wechat
MACRI®)  MF/LightGCN %43 B fi 22 + SIGKDD 2021 Qj{:;&fgfg‘;ﬁfﬁiww
CGKR®6) GNN B4 2 v Vv Vv SIGIR 2022 Yelp/Music/Movie
CR7] MMGCN R Vv Vv SIGIR 2021  Tiktok/Adressa/
se  CIDRE] MMGCN A 2 v OEPEDD ok Adressa/Coat
ii ACLI#] GMF/ATTN T G i 22 Vv Vv NeurIPS 2020 ML-1M/LastFM/Goodreads
- N . Digital Music/ Tools& Home / Home&-
%i Cred ATTN T O 22 v v CIKM 2021 Kifchen/()ffice Products/ Yelp
RIIPSH1) Policy learning PP 2= Vv Vv Vv SIGKDD 2022 ML-1M/ML-10M
L2R4] SVM o7 A 22 v SIGIR 2019 Yahoo/LETOR4. 0
F-UCBL92] UCB AT 2 v AAAT 2022 Adult-Video
CEFT9] MLP AN TR 22 Vv SIGIR 2022 Yelp/Electronics/CDs&- Vinyl
Greedy-Varl#4] — ANV 22 Vv RecSys 2017 Movielens/MoviePilot
iDCFLo6] MF/VAE B A2 v v v KDD 2023 Yahoo! R3/Coat/KuaiRand
f_g BRDI7) APSOR mamz v v KDD 2022 Yahoo! R3/Coat/Product
Deep-Deconf98] DNN RAE W% Vv Vv arXiv 2022 Simulated/ML-causal/ VG- causal




10 4 T T 4« T DR SR A BT A 4 AR 25 A IO o 2 5k 2323

6 M EREERTE

TEAL B B 0 O 2 52 ) 1 6] 4 45 22 45 1 BB 174 1 A
P AR 1 ] 1) DAL SR HE T O 3k ok A
FE bR FNGE AR o DASE BLSE M S M 2R G 1 RCR . AR PEAL By
By Ko [FIRE & A 1 1 0w 2 45 B i 22 4 ¢ (B
5 R B B ) 2 O AT BT AN T B0 B B 2
it D0 DA Ak B )23 TR A R DA ) AR g K ()
AL T PEAL B B 0 T AE © 0 I 2R B s
RHWIRTHE T B IE R A PEAL pR %R, DL AR5 A8 XT TG Ji
3.

X T HE 77 R 400k Ut BE 8 M B b T P X
mh R X AEHE T B B B G E . b, W AR
YA T b A i RS P XS W T A R A R S
. BT H P R E 40 W 5 E 755 AR XA
HR Y STV S R B0 R R A B Y OF E
AEAG TN W 2 50 KRS S /M As T 3 9F
ASTEXT BT A P R 0 B 4 1 6 A s 3 A
T PR R 2.

6.1 ETHEHMEEESWERAIE

Schnabel & A ¥ YK 36 46 1] 2F 43 2 78 G
A RIEAL . 72— R G P S
18 W B B2 I FPE 4 s IF HAR 2D X AN 53K 1 H
SCVE . DU Ab A 5O o & A i AT 58 2 S 31
B S AR B AL Bl 2k 01 R N M EHE R RS
o) i RO 25 P A S T AE R A2 T R O R
FABERPIT 5. X F 47 2R Go ok 6 AR AR S 1T
O3 Y VAL T 4 R Y A LA — R 25
IR /N B DAk T ik

RY)=>)>16..(Y.V) (12)

Horh w Fd 4y B R PRI H LY Y 23 5] 0%
LS AR 2 FIN bR 253X 2 — AP BARUR S0 T 9
T8RS 7 E TG F P -0 R PP 43 43 w] 08l
Mz b H RN ER 2 PR, AR LS 219743 4 B
Y P — 53 AR 58 07 2OR A OO 43 1 7 3 (E
FAEAG ROY) .

R =221 S 5 v a3

|Ou~i:1| (usi):0,,; =1

Forfr, O 2R WL I ES 4 48 7 50 B L S FLEVE S 0 B
W EN O, =152 r, KR, O, =0, i TE#E
it 22 B9 AFAE - 5 308 UL I 3 43 I BE B e L 52 Y F

I3 o3 A s P ARG T O R A Y R T e e
i 2 385 J8C A4 A A 2% » Schnabel 45 A 5 i ) 13
41 VCBE (Propensity Score Matching) f#) 75 32 X X il
B R SR IEAT IR #1532 1 ol i Al 5 i TPS:

5 e 1 8. (Y, Y)
RIPS(Y‘P>:W Pu.i

Cusid 10 =1
Horp P SCTE— > & W0 D7 43 b 0 21 bR A 52

AT ASE 2ok A 2R DL 37 L322 i (] ) A8 A5 R AT T
SNIPS ( Self-Normalized Inverse Propensity
Scoring) PV AE IPS BySER kgt iy —F o5 k. H K
Jefftk TIPS J7 125 J7 22 3 R ) 8, BAA T 35 - SNIPS
15 1PS WA E 5 A X5 A T — A E A5t i

T Ay O AR AR
> 6., (Y. V/P,,
Rors (V| Py =22 (15)
/P,

() 10y, ; =1

FAXS T TPS, SNIPS Afi 1 8% 19 75 22 B/ AU 2
FIAT /N3 22

Joachims & A\AEM AT Y T AED v 42 Hy — Bl
{18 D 25— o7 B O 22 » I ) P A0 1o M A R 45 o T B
REVL SR eR B T O il . e = B 15t B di AR B Tl
B HZ T H A AL B 25, ol B HE R BE T I
ity o FH P B B 0 8 30 O ek A ARl A8 1) P 9
Xof 451 2% R BSOS« 52 B A O 22 532 Wi B K 1) 490 it (A
J 56 I AT B s i B 40 D AR . X T N R AR
AU, FRAE (458 2% R U2

*=argmin E(O):arggminqu(fg,rq)dP(q) (16)

WAL TT 2 R f 5 H SR S » 1R 22 B
I FIT 9 HE P A5 B 45 2% o O

g’(()):J j E., [I'(fyse,)]dP(qsm,)

(14)

:J E., [1'(f,:¢)JdP(q,x,) (1

HATR AT R 8 £ 5 mial c miR 2z, ) m
0t 5 3 0 O 22 Y R I A 2 R A P PR
X BN SCR A 458 2 TAL -

, Ald e, | fo)
l ,c) =1 ,¢) = —_—
(fﬁ c) IPW<][€ c) d%;l P(()dzl)

PP AEAE S DRI 215 30 58 SCRS 48 L 45251 . 4
R HE 5 A I SCRS A, o » D I A SORS X
JUARE L DR AR A2 D 17 52 ) A R JEE AL & 5 i 114
B A Ty SR AR O A 7 L ) ol SCRS AL/
0wt 14 SO 52 8 52 WA BSR4 19 22 A TR

(18)



2324 it "

Hl

7 2024 4E

o
=B

Ad GRS BN o B v TS A6 4 A
TN TG i HE J37 2 8 [ A, 5 DA L4 T DAL DL
[ B 27 2] AR 14 HE 7 55 50 R 0 47 43 BB 7Y . Saito 4
N AL 1] A5 43 AT 7 1% R itk TIPS R IR TE i 45
S BRI J7 22 21000 ) 43 B SO BRI L KR
Y B T3 26 S AR K. TR L VR R R4 1) A5 4 78
5 - A 2 R 7 22 5 S UE Y 68 AR KT T4 1) 4545
HREPRUET BR T 0w 22 . O B Ik 5 25, SCik[106 % &
2T RMEHEE R A Y RSP PR
23 i BRG L S VS VR S HE I AR AN G i
(. AE A BAEAE H AR R R BUE Y il X A]
PLZRIR Al T B D 3 — A7y 19 PR R 3800 ] . A
BE 00 1) DF 4 R R T I w1 HE 44 A T R
s XA /N 22 50 XU Ay 1 B 0 A RN 2k
FEASTR (7 22, Lee 58 ANV 20 7 0 R MR O Ml 25 42
th T BISER, Hy [ 38 {0 1] AS 2 OB a] G AR 27 > R4
53 LB 5 35050 1] ASL L 34 A T B 0 i R Y AR 25 L L
Tl oA 2% ) FH T iR 40 3 T P 9 DL R T I H B
A B Sh 4 it 45 22 18] 1 22 5 T R 8 3000 1) AN EE 1Y)
Ji . Li AN R A 1 TIPS 28y ik Bl = X i
] o K 48 — EL WA B A o 32 TR Y O iR 22
(BMSE) , 1 2y i 5t 2% > 40 1] 43 5000 45 o s o O S5
FULHE T IPS-V 2, H A A 0 1] - 4 70 5 /N (1
T5 25« HRH R0 50 ) A 25

MG LA EAF 5T & B, 35 F IPS (25 0 05 75 R %
T X UL H5 i i 3 R AR 22 TR A 58 5 43 TGO
T 1) P AN [v) = AS ) 19 A B Ok 2 i A 22 . {H Sk ik 2
T3 1 ARG A 1 T 1 A A A3 s L SR ) 1 AR A A
ANUER » BEAS LA ik 2 PT B 2 2RI
6.2 ETNEEHMENERAE

SCHRL109 48 Hh iy XU & B 1% DR J5 ik itk T
IPS J5 1 78 Al 71 JC it 454 2% oK ER B 8 J7 26 09 Bk B, {HL
2 R TIE A (R TR 19 o e o 5 ) 2 398 o 5T 000 Y
2. VBB LA 2 2] TOUIASE T 14 R4 R, 7 5 79 4 A
AR FLIE D) Ak DA 4R R 000 AR AR R 46 R A5E R 1Y of
T -

£DR<R>=|%‘ S e+

(u, ) €D

0..:Ce,;—@,.;)

19

Hore, 2R WU R 22, e, 327 4 {152 22, A 0 2R
DR J7 3551 B4 4 (R A58 B AL T AN ME 0 16 o 22 7 A= L
IPS J5 ¥& BRI Jr 22. JF HBUA J5 vk il 1 A 2 AL 1Y

TC IR J5 15 AN Bl R AR AR AH 56 1 H bR SClR
C110 PREAR BB 1) H bR 15 R 82> DR Al TF ) 5 253X
— EbR 0800 22 1 () B O TE B0 6 P L R — b
BT B4 LRSS TR 2 > 7 105 figp DR A (1A 7R 1) v i 22 (1] A

WX DR 7 vk B 22 L 07 25 Fiz A i A E AT
HE 3T Dai 25 AW R BUELA (19 DR J7 i 0] BB
T PF 3 A T AS B A 1R 25 0T B0z A
Z AEERE T A s E T HESR G — T A 1
DR 773, 1 B & T — Z 5038 N A 7] 3 5 19 25 A
Tk AEE RS T W FOH A DR J7 ik, Bl DR-BIAS
F1 DR-MSE. DR-BIAS F #: 45 # DR 51 2% (1 f & .
DR-MSE 3 7 V- i & A1y 22 . 52 308 47 19 32 A
fi. Xiao 45 N Bt T DR 83k . Z RE7E A IR
6 I 22 1 HE 45 38 b 147 T8 e 19 DF-Al R 2 20, 9 LB
W FAER] TazAh A BA BN IR 25 R 25 PR
AR T — R IR B AR fF RO ST AB) 7 ¥ PLA
00 1) A5 43 09 38 43 1 2E AT Ak T R R R B A Y Uz Ak
Zhang 2 NPT CVR 355 F 19 24T 55 30004 1)
IAUAG 3 2 (Multi-IPW) F1 22 4T 45 R fi ik 1 1k
(Multi-DR). F o, 24 55 36 {01 [0 i ACAS o F F 37
fli CVR 4155 . Z 4T 55 SRR A 1 H T 974 CTR £
55 AHE R T I 5 22 4 55 BURR A T 4% Li 4§
N B DR AR XE SR A5 o 5 00 4 4 5% 22 IR A A A
BTS2 PGS 3 A et o B00C06 27 > 1 G 2R ] U il 3]
{850 AT RS RTOUR I 3] 4 K 43 A 22 AN R L AR 2
S ECE KR 22 5 5 A OB B B L B AR 2 R
2%, S R BOS M A ER AT R T 2 EE
BRAGTE2S S T LA T 2 % 38 478 M SE 78 R0 1) £ 3
fr SE B TC A Ak . SCERC 115 142 1 DR X i A JI P -
Tt H 6 HEAT AR AR . AT RE S R BOA F AR AR, 1AM Y
AN A 1) 2 % e P I OGE AR R ME B A
TF Y30 #ME S 5 50 AR L S0 i i B e AR

R R T AR DX A A , Song 88 A4 H T IRSF

KRS A A (CDR) 12 5 gt i 1o A 200 45 25 g A 79 24
A7 228 3 e AL PRIG5> Hr % 0. CDR 24t 1
Yok /D 1 7 22 AN AT Y R AL

M4 LA B R 58 & B, 36 F DR 1) LA 7 45 &
U 1] A5 43 A LAY, WL R T U O 2
B HE rp — AR R 52 4 A I 4T3 AR AT DL 4R it —
FATE . BA T . 5 LR, DR 5 i 3
INELR Y 5 k. B 8 SRR T EE M EE TIPS FI
DR 1 £ 77 2: LA S e AT 2Z 1) i A6 T 1)



10 M . BT R R AW IR R S E WA &k 2325
HTDR TIPS A IPS 83k SUTVA iR ERE T —F B i)

O DR Y (i W™

(o) | |

| P (Remr™) (pMsE™) (S
DR L (s ) (piseR™) |

| A !

) i Pl 7%
SE e ER |

AT | IS
' W 2

; P : Sty ) | p
[ DRIBM ]4—/~\‘—[DLCEUM S\P;Ir\zpj}e{];tkymﬂ Y Tl

Kl 8 #TF IPS # DR W5 kstit

6.3 HfthFix

YA A S VA i A R ) TR AR i 25 B T
B, BRI T T TR PR Ol o 2 S ol s R R s A T
ik, RS R A B — L B R R S
PS8 i T A AR P 5 22, S 8otk
AERAE. T 58 X A 1] B, Gilotte %5 A0 gL
THEE D 22 » 1 AS 2 0] O 22 R AT PR AL R4 T B Y
i 1177 NCIS. NCIS & — R 52 Br o] FH A 4 72 B 7
BILRIEAG % L8 o A5 40 78 4R 52 56 ke Rk 1 AR R R AR
FHE T A b PR B R AR R A AR B s o SE
P14y B B SRR ) R 55 0T e M T 1 v T 22 B AU

BT AP L AT AR R — AR R E
TR 5T 35 8. Oosterhuis 28 N3 T —Fh 19
TSGR LTRZAN T 45 0 40 25 JBAE 4k T 10
FIRZ R IF 245 A B A8 SR A9 47 o AN LE 26 T iR 4 IE
A7 B AR 22 A5 AT I 25 RN H e B I 22 . 38 55 T AEZR A
JE S 5T 2R 2 8% SOk 118 % 3336 48E =% fin

S g St g RIPS, JIF9FAh B AR 22 3l 22 . 1Y
SREAF A 2. %7 % 0 e AL S T R A HE R SR
S B IE T RIPS 78 98 20 fii 22 1 52 o K04k 2%
)5 LT A i k.

fifp RAEFRE RS8P 19 MNAR [R]) BLA 5 1 F
fibiinp S S R 1 IERE A B i 2% A I8 AR AS 19 D
2% o 3 BRI 10 fift AN d 0 1Y BB UL B P
T AWy a0 UG R RE ALy W R T B O A
Py bt 2 15 B B R MR R A T B R L BT X —
B » SCRR L 119 A TE AR AR 187 A {6l T 7 4 i 4
B0 A BARR R B IE L X RS B Y BEAR A R A
TEAE ARG AR AS K g b #R2 TAi 1

L5 LT HERE R GE VA B B i) A F 5 B A
R DR R SR e R T 1) RS 1 5
MGG 13 PR AT 70 1) 2 2T 5 5y 7™ A K 9 iy 2 #0107
2% 5 MOV T2 010 R VP 0 1) 7 1 2 T R 5 MR
(77 % B A B e B R L (S M B 2 B 4 E
BEIY 9 820 75 PPAl B B 254 5 1 s DRR A Ty
Ok FHE 75 45 SR AT A R M A A R 40 A O T
F& TIPS F1 DR A S HBr 094 T o ol i 22 49114
DLCE"" Jfg F R AR P fife T it 22 10 e 5L, /R 1 ik 47
FIPRAELS R Z A 2RO 28 AR5 $ 1 1 o fi il 31 4
(4 BRE AT » O P SR T2 AT A Y 4 A R

6 BE R T MDAl B B2 i 1 DR AfE 7
Jrk fea AR SO AN T BUE BRI AG  Be B A
DR 25 Al SHE W 14 D0 s AR L 2R 7 TR

x6 THEMBENEARERERERETE

) &b
e 5l ik WEARESE é%ﬁiﬁﬁ;%%ﬁ SRR U8 HR
1PSLs9l MF BEPE (22 v ICML 2016 Yahoo! R3/Coat
SNIPSL59] MF PR 22 v v ICML 2016 Yahoo! R3/Coat
SVPI\Z‘E%‘Z:SO{ SVM 130 M 2 v v WSDM 2017 Yahoo
%f DLAMY DNN il A 2 4 ~ SIGIR 2018 Yahoo! LETOR
IPS Rel-MF 105 MF g S it 2 v v WSDM 2020  ML-100K/Yahoo! R3
DLCE[106] MF G 22 v v v RecSys 2020 Dunnhumby
BISERL107] MF/AE & Sl 22 Vv Vv SIGIR 2022 Moviel.ens/ Yahoo! R3/Coat/CiteULike
BMSEL!108] MF ¥ i 2 v v ICML 2023 Yahoo! R3/Coat/Product
DR(109] MF PR 22 v v ICML 2019 Yahoo! R3/Coat
MRDR!120] MF e PR 22 v v v SIGIR 2021 Yahoo! R3/Coat/ML-100K
A DR-BIAS/DR-MSE!! 1] DCN PP 2= Vv Vv SIGKDD2022  Yahoo! R3/Coat/Product
A}ig DRIBL2] MF % A 22 Vv Vv WSDM 2022 Dunnhumby/THDP
Multi-IPW/Multi-DR13] MLP TEPE (22 v v vV WWW 2020 Ali-CCP
MR[114] MF/NCF eI i 22 Vv v AAAT 2023 Yahoo! R3/Coat/ML-100K
CDR!115] MF TEPE (22 v v CIKM 2023 Yahoo! R3/Coat/KuaiRand
NCIStL6] - B LRV M 22 Vv Vv WSDM 2018 39 online A/B tests
HoAth LTRM — LR E v v WSDM 2021 Yahoo
HiE RIPS[18] — AR B Vv Vv SIGKDD2020  Simulation/Real world dataset
Duall119] MF s w22 v Vv SIGIR 2021 Yahoo! R3/Coat/ML-100K




2326 it " . 2 i 2024 4F
®7T EHRBEEARERERIFE
LA B DA 5 2 i 4 W 25 B
3 5 A7 B F 48 5% B 20 TE S0 o v A O 2 eSS 0 B0 1% 1 L L 5 A
Bl B B 1 = - 5 FFVEA B T P AT R e
% i e il 45 24 92 25 R0 4R 5 T 45 o o 44 L et P
15 FF A R0 A R AR 1 A KA 1 /0N L3R BURAS i 25
s IGO0 7 1 DR L E L B R R 1) £ B VR ROBR R 4 1
HTPRAE R FEFIZ fe t LB 0
BB B A i E AT T A B 4 - N -
P TR T HRE LR RV L T 909 52 4 W
SN R [ LY P e e N
T TP e A B A R o S 5 e o O i A nymasol-nuge
. o o —_— B B 0910 A5, 5 5
—— HETF IPS 2 A 1) 9 O 2 A T T 5 55 0 2 70 0
20 %£F DR L 1PS 57 i S FLAT L HE A L 45 45 P A7) ST I G R BB 00 £ A 3
- W MR 2 £ e W

7 AHMHEHREOESRE

S5 DR SR HE T B R I HE 77 R G0 A8 2 fidk v 2 [0) L
FEAEAG T R H R R R A 0 B SR I
AbF—A~ LL R G B B AT IS A 2 RS
HE— 25 BIF 5 L 9E A 45 38 10 1 R, T A ST R 45
PLR A R HLAE A5 IR 1 0] L

(1) 3 F A & B 2w 4 45 7 12

R IV A I DR AR G R DR R AR 1 1 AR R
WEFE R G 2w AT 55 1) B AR S8 S k. BUA 19 3L F
SR VBT 1) 7 J 0  AE E AT A8 i 22 (] FR AR A B A
JIT R A PR PR A A L TRl A 1 2, H TR 24K
F1R) A1 SR 1 8 L 2 7 5, % 4 7 3 St b 1 A8 o B LA
R R H AR 4, LR DICE ™ fit PDAM
Gy s T P — B H AT R R B
AR AR f5E 22 [R] 0 PR G 22 6 AN 68 o . — T
JE 2 W T L OE D TR B R AR i Oy — T T T AN fig
TE T R PRSI 1) R AR R 8. T S 4 PR 4 B
B B AR B R AR I SE A AR i BB v L S
PR FR T 22 B AT AR T & K B A S 1.
PR I o DA 4HE A K000 v 2 > 0 B SR ML & — A~
BERIBEFETT ). R T AR R A T A AR
Dt R T R B R SRR Ry gk AR
LI L PR AR 2R 2E 2 VP BRI & B R AR R A
L) A% i 22 [B] 9 56 R 3 A o 38 A AH L R SR R B T
H AN causal-learn 42 4 1 5587 1 PR & 90 07 5 19
SEHL AR E AR AL TR LR e i B A B
PRI SR 3 B 3 0 T L o DO 0 5 4k v o B K
1 14 R SR O 2R IR 3 AT 0 BRI AL ifF — 25 g i
WA R G vERE R — AR W AR IR R W 52 ) .

(2) 5 PR 5 199 38 FH 1 2 O 4 27 AE 248

WS R G AR AR 2 Fh 20 10 22 . i1 B HiE R
2R KA T AR A B = i A Gl R SR LT
PR SR PRTASE TR g 4 38 2 g HE 22 5 A A ol — A o 26
TRy Qi 22 B TR 2% TR 22, 220 M8 T LAt W] i [ B 7 7 1Y
P2, S 350 2R 1 Y 5 B2 R 05 58 3% . Chen 28 0
RS 25 S5 00 R B G — T R Rl R IR i i 22 . 42 1 T
— A3 I R AR HESE AutoDebias, 2k 11 0% > A 3l
o] RAMSEG LI T B IS R %07 B A R
8 2 A0 38 P PR RN O R RE T S RS AT TR AR T —
ARG 1 25 D JEL 6. e A o Bl XoF T figp o [] — Fof g 22
Vi) 20 11 PR 2R e 2 A T A B 9E T AR 8 TR
Ivi) PR AR 58 & D 1 TR SR T 4 S0 5 1 AN ) ) 7
FAS[R] 8 PR SR B AR L 3 5 B0 Im] — 28 78 9 AN ) 1 F 5
TAEZ RIAFFEAS — B0k, Lo an , [ B 2 i e s 47
25, 3CHRL70, 78,85 152 B 11 PR 2R A A% it 9 A A [
PRI U G o] 35 3 e 68 42 1 A D 22 ol 28 780 i 2 [0 1)
IR PR AEAERE SR 0 — > B Pk Ak iy )

(3) e DR SR 1 8 P A A 7 7 1k

TE S bR A B T AR AE Y 5 278 B s A8
Fo P DA B B8 26 VT Al 15 7E 28 50 5 2 18] £F 7 25 IE 45 R
P VF 2 AE AR LE T8 6 AS [R) 9 4 7 1 S5 B0l R
Jo 2 e VBN R O N E R TN P ks e I
5 RV B U 190 4 A ASE TR X 2% AR AR 5 0 Ml B 4R
BRELE. OA M LAERWIEE T R 7 1 fe 48
U A% 5 Z () (4 P A G M R B AT R A S HOE
(18 JEE R o AT 4 5 T P B A T 04 2 R R DR 45 BT DL L
BT AR OCPE B 5 v B T e 0 6 M AR A . S
BRL76 120 T i R4t 48 28 46 v U1 25 4R AN 4R 22 () 5k
P43 A AS—F(O0D) [n] #5, fifi F PR 2R 36 7R 24 > Ok il
P& FH P ASAR 48R o AT 2% fife A 22 (0] R, S35 30 0IE T



10 4 T T 4« T DR SR A BT A 4 AR 25 A IO o 2 5k 2327

7 AR OOD [a) 5 F 3¢ B 3 R iy & Bk F i e
LS N AT IO i e el S SR 1 B =N W [ W A1)
BE 1 22 PR Anfar A DR SR A AL R LA
£ P RGBT R

(4) B PR X Bt sl 25 B 5% v 1) i 25 1)

XL 2l 25 PR B F 0 i 25 ) B0 X i 4 77 R S it
FE ) — A T PR AE B A R B AT
A i DA B ARATT S 9 2 5 3 1)y 2R AN W AR T 1.
XFPAR AL T RE B 22 A R 9K g, A 46 T MR AL
SATHER A R EE A NS S
T X R AR T AR S BOEE o A R AR
AT X HEFE 22 G2 14 1 BE 7= A 5 . 72 X Fp sl A5 A8 b
IR AL G T R R B B WA B
IR LB 0 e AR X 0 25 A 3R 8 v 24 ) [ 5 9
PR b, SR, PR AR HE T B R B 436 T — A mT BB 11 R
PEHEZE , S vF AR A 1) 080 v iR 1 s L OE 52 i
F1 o0 B 2R Lk i F AR 38 3 B AN R 1 00 1 P
A5 R R 1000 ] B 1 AR Ak 2 T 3 R X 2 AR 1k

(5) FH R A 2 i #2710 5000 B Ay

B TR IS S A 4 R S8 10 I 2 A ol Al 22 0]
L BSRFARAE R AELR 5 P — R I & Ao HE
TERLR BB A% 8 e 22 . (5 B T B R 1 AR 25 £3 AN4)
S . B AR B v R 1 K i AR A L O BE RS
F 5025 0 B LR Ol T AR PR A TR R A R D HF
9% T A 223808 B IE A9 0O B30 S 284728 1 19 G
VAR Horp FO A 44 1 S TP EUIE 84 Yahoo! R399,
Coat™ P &% KuaiRand 25, 3 [ 4 (155 H A
WA — ARG ALR RS SR
ARAT T 53 321 AL ] 52 ) 19 TG A 38 BB | R
Ja il ek A/B K 5 SOV T R s A AT ik
TEN Y 2> 2 m AR 7R 3k 640 55 TG A B8 1 B HiE S A
FEF PR AR 1 2500 4 72 T 1% B Ol TG A 1 5 R PTG ke )
TEILEZEMEMAZL Yahoo! R3 FI Coat 5
SRR /N, TR 24T 55 w0 0 4 A J9r B . P
It 5 22 (4 T 25 O 4 7 %) B S B B0 4 R T B
P 3 B AN AR I 58 S5 Aol 1) & 4.

8 B &

i 22 9 A7 76 7™ 52 FR ] 1 4 7E R G0 19 VR RE L i R
X — [ L B HE 77 28 48 40 I 1) B BT S R A
SO DR SRR BT 152 A (9 £ B2 1 K X0 9 77 2R G2 1) 25 A
WEFEREAT 12808 R SO HE 77 2 48 )™ A6 i 22 19 By
Bett A7 70 2 VA9 73 A 1A K0 [ B VR By BERIE
i B B AN T 114 DR 2R $F 07 07 95 A 25 A AT 55 P e A

PERE. RIS L X #7728 48 19 DR 25 Al T 5 26 8 O 1o 3
177 BT R . T HERE AR L DR R AfE W R 5 R
KT BV AT AN UL 3 588 5 R P L2 PR AT i
VRS T7 B 2 098 8 AE ) ROR PR AL R BEE
B R P B AT 0 BT S 0l 55 3 50 A B VL S R B
DAL SR 92 07 1) B8 9 A AR B A B 5 2 LT 35 B v A
DR SRR TR R 205 A DR SR AGE TR 5 R 5 2 o) R TR AT AL
i 2] S N LR REH R I 45 & IETE LR 2R BRI L
b BRI TR R R HHE Bl A AR G 1) B B AL A
PEAL Y B Be il it

2 % x ™

[1] Resnick P, Varian H R. Recommender systems. Communi-
cations of the ACM, 1997, 40(3): 56-58

[2] Huang Li-Wei, Jiang Bi-Tao, Lv Shou-Ye, et al. Survey on
deep learning based recommender systems. Chinese Journal
of Computers, 2018, 41(7): 1619-1647(in Chinese)

CGESL R, LB, Bpl . BFRESINEREZREU
TR, LR, 2018, 41(7): 1619-1647)

[3] Feng Y. LvF, Shen W, et al. Deep session interest network
for click-through rate prediction//Proceedings of the 28th
International Joint Conference on Artificial Intelligence.
Macao, China, 2019: 2301-2307

[4] Cheng H-T, Koc L, Harmsen J, et al. Wide &. deep learning
for recommender systems//Proceedings of the 1st Workshop
on Deep Learning for Recommender Systems. Boston, USA,
2016 7-10

[5] Covington P, Adams J, Sargin E. Deep neural networks for
Youtube recommendations//Proceedings of the 10th ACM
Conference on Recommender Systems. Boston, USA, 2016
191-198

[6] Chen J, Dong H, Wang X, et al, Bias and Debias in
recommender system: A survey and future directions. ACM
Transactions on Information Systems, 2023, 41(3): 1-39

[7] Baeza-Yates R. Bias in search and recommender systems//
Proceedings of the 14th ACM Conference on Recommender
Systems. Virtual Event, Brazil, 2020 2

[8] Mehrabi N, Morstatter F, Saxena N, et al. A survey on bias
and fairness in machine learning. ACM Computing Surveys,
2021, 54(6) . 1-35

[9] Abdollahpouri H. Popularity bias in ranking and recommen-
dation//Proceedings of the 2019 AAAI/ACM Conference
on Al, Ethics, and Society. Honolulu, USA, 2019; 529-
530

[10] Mansoury M, Abdollahpouri H, Pechenizkiy M, et al.
Feedback loop and bias amplification in recommender systems
//Proceedings of the 29th ACM International Conference
on Information & Knowledge Management. Virtual Event,

Ireland, 2020. 2145-2148



2328

it

Hl

5

7 2024 4E

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

Peters J. Janzing D, Scholkopf B. Elements of Causal
Inference: Foundations and Learning Algorithms. Massachusetts
Institute of Technology, Cambridge, USA: The MIT Press,
2017

Pearl J. Causal inference in statistics: An overview. Statistics
Surveys, 2009, 3: 96-146

Scholkopf B. Causality for machine learning//Probabilistic
and Causal Inference: The Works of Judea Pearl. Association
for Computing Machinery: New York, USA, 2022. 765-804
Cai Rui-Chu, Chen Wei, Zhang Kun, Hao Zhi-Feng. A
survey on non-temporal series observational data based
causal discovery. Chinese Journal of Computers, 2017, 40
(6): 1470-1490(in Chinese)

GEREGP) BRA%, akIp, AR AR, LT 3R i 7 00 4% S i A
RKRRILGR. THHPLEN . 2017, 40(6) : 1470-1490)
Luo H, Zhuang F, Xie R, et al. A survey on causal inference
for recommendation. The Innovation, 2024, 5(2). 1-14
Wang Y, Liang D, Charlin L, Blei D M. Causal inference
for recommender systems//Proceedings of the 14th ACM
Conference on Recommender Systems. Virtual Event, Brazil,
2020 426-431

Gao C, Zheng Y, Wang W, et al. Causal inference in
recommender systems: A survey and future directions. ACM
Transactions on Information Systems, 2024, 42(4); 1-32
Wu P, Li H, Deng Y, et al. On the opportunity of causal
learning in recommendation systems: Foundation, estimation,
prediction and challenges//Proceedings of the 31st Interna-
tional Joint Conference on Artificial Intelligence. Vienna,
Austria, 2022: 5646-5653

Ricci F, Rokach L, Shapira B. Introduction to recommender
systems handbook. Recommender Systems Handbook. Boston,
USA: Springer, 2010; 1-35

Huang J, Oosterhuis H, de Rijke M. It is different when
items are older: Debiasing recommendations when selection
bias and user preferences are dynamic//Proceedings of the
15th ACM International Conference on Web Search and
Data Mining. Arizona, USA, 2022. 381-389

Vernade C, Cappé O. Learning from missing data using
selection bias in movie recommendation//Proceedings of the
2015 IEEE International Conference on Data Science and
Advanced Analytics. Paris, France, 2015; 1-9

Jia J, Shang T, Li L, Chen S. De-Biasing user conformity
bias and item popularity bias in group recommendation//
Proceedings of the 2023 IEEE 6th Information Technology,
Networking, Electronic and Automation Control Conference.
Chongqing, China, 2023 1559-1563

Ma Z, Dong Q. Alleviating the unfairness of recommenda-
tion by eliminating the conformity bias. Journal of Physics:
Conference Series, 2021, 2004(1). 1-9

Yang Y, Li M, Hu X, et al. Exploring exposure bias in
recommender systems from causality perspective//Proceedings
of the 2021 IEEE 21st International Conference on Software
Quality, Reliability and Security Companion. Haikou, China,
2021 425-432

[25]

[26]

[27]

(28]

[29]

[30]

[31]

[32]

[33]

[34]

[36]

[37]

[38]

Khenissi S, Nasraoui O. Modeling and Counteracting
Exposure Bias in Recommender Systems[ M.S. dissertation].
University of Louisville, USA, 2019

Lerman K, Hogg T. Leveraging position bias to improve
peer recommendation. Public Library of Science One, 2014,
9(6): 98914

Collins A, Tkaczyk D, Aizawa A, Beel J. Position bias in
recommender systems for digital libraries//Proceedings of the
International Conference on Information. Cham. Switzerland.
2018 335-344

Krauth K, Wang Y, Jordan M 1. Breaking feedback loops
in recommender systems with causal inference. arXiv preprint
arXiv:2207. 01616, 2022

Yang L, Cui Y, Xuan Y, et al. Unbiased offline recommender
evaluation for missing-not-at-random implicit feedback//
Proceedings of the 12th ACM Conference on Recommender
Systems. Vancouver, Canada, 2018 279-287

Saito Y, Joachims T. Counterfactual learning and evaluation
for recommender systems: Foundations, implementations,
and recent advances//Proceedings of the 15th ACM Conference
on Recommender Systems. Amsterdam, Netherlands, 2021
828-830

Sato M. Online evaluation methods for the causal effect of
recommendations//Proceedings of the 15th ACM Conference
on Recommender Systems. Amsterdam, The Netherlands,
2021: 96-101

Beel J, Genzmehr M, Langer S, et al. A comparative
analysis of offline and online evaluations and discussion of
research paper recommender system evaluation//Proceedings
of the International Workshop on Reproducibility and
Replication in Recommender Systems Evaluation. Hong
Kong, China, 2013 7-14

Zannettou S, Chatzis S, Papadamou K, Sirivianos M. The
good, the bad and the bait: Detecting and characterizing
clickbait on Youtube//Proceedings of the 2018 IEEE Security
and Privacy Workshops. San Francisco, USA, 2018: 63-69
Lin C, Liu X, Xv G, Li H. Mitigating sentiment bias for
recommender systems//Proceedings of the 44th International
ACM SIGIR Conference on Research and Development in
Information Retrieval. Virtual Event, Canada, 2021. 31-40
Wang N, Qin Z, Wang X, Wang H. Non-clicks mean irrelevant?
Propensity ratio scoring as a correction//Proceedings of the
14th ACM International Conference on Web Search and
Data Mining. Virtual Event, Israel, 2021 481-489

Pearl J, Mackenzie D. The Book of Why: The New Science
of Cause and Effect. New York, USA. Basic Books, Inc. ,
2018

Pearl J, Glymour M, Jewell N P.
Statistics: A Primer. Chichester, UK: John Wiley &. Sons,
2016

Causal Inference in

Yao L, Chu Z, Li S, et al. A survey on causal inference.
ACM Transactions on Knowledge Discovery from Data,

2021, 15(5): 1-46



10 14

0BT A« T TR BT Y R R 8 25 M DT A 4 3

2329

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[52]

Pearl J. Causality. Cambridge, UK. Cambridge University
Press, 2009

Haukoos J S. Lewis R J. The propensity score. The Journal
of the American Medical Association, 2015, 314 (15):
1637-1638

Glynn A N, Quinn K M. An introduction to the augmented
inverse propensity weighted estimator. Political Analysis,
2010, 18(1): 36-56

Bang H, Robins J] M. Doubly robust estimation in missing
data and causal inference models. Biometrics, 2005, 61(4) :
962-973

Funk M J, Westreich D, Wiesen C, et al. Doubly robust
estimation of causal effects, American Journal of Epidemiology,
2011, 173(7). 761-767

Agarwal A, Takatsu K, Zaitsev I, Joachims T. A general
framework for counterfactual learning-to-rank//Proceedings
of the 42nd International ACM SIGIR Conference on
Research and Development in Information Retrieval. Paris,
France, 2019, 5-14

Mehrotra R, Bhattacharya P, Lalmas M. Inferring the
causal impact of new track releases on music recommendation
platforms through counterfactual predictions//Proceedings
of the 14th ACM Conference on Recommender Systems.
Virtual Event, Brazil, 2020, 687-691

Wang Z, Chen X, Wen R, et al. Information theoretic
counterfactual learning from missing-not-at-random feedback.
Advances in Neural Information Processing Systems, 2020,
33: 1854-1864

Agarwal A, Zaitsev I, Wang X, et al. Estimating position
bias without intrusive interventions//Proceedings of the
12th ACM International Conference on Web Search and
Data Mining. Melbourne, Australia, 2019. 474-482
Ghazimatin A, Balalau O, Saha Roy R, Weikum G.
PRINCE: Provider-side interpretability with counterfactual
explanations in recommender systems//Proceedings of the
13th International Conference on Web Search and Data
Mining. Houston, USA, 2020: 196-204

Dong Z, Zhu H, Cheng P, et al. Counterfactual learning
for recommender system//Proceedings of the 14th ACM
Conference on Recommender Systems. Virtual Event, Brazil,
2020 568-569

Yuan B, Hsia J-Y. Yang M-Y, et al. Improving ad click
prediction by considering non-displayed events//Proceedings
of the 28th ACM International Conference on Information
and Knowledge Management. Beijing, China, 2019. 329-338
Yu J. Zhu H, Chang C-Y, et al. Influence function for
unbiased recommendation//Proceedings of the 43rd Interna-
tional ACM SIGIR Conference on Research and Development
in Information Retrieval. Virtual Event, China, 2020: 1929-
1932

Saito Y. Asymmetric tri-training for debiasing missing-
not-at-random explicit feedback//Proceedings of the 43rd
International ACM SIGIR Conference on Research and
Development in Information Retrieval. Virtual Event, China,

2020: 309-318

[53]

[54]

[56]

[60]

[61]

[62]

[63]

[64]

Saito K, Ushiku Y, Harada T. Asymmetric tri-training for
unsupervised domain adaptation//Proceedings of the Interna-
tional Conference on Machine Learning. Sydney, Australia,
2017. 2988-2997

Yang M, Dai Q, Dong Z, et al. Top-N recommendation
with counterfactual user preference simulation//Proceedings
of the 30th ACM International Conference on Information &
Knowledge Management. New York, USA, 2021. 2342-
2351

Zhang S, Yao D, Zhao Z, et al. CauseRec: Counterfactual
user sequence synthesis for sequential recommendation//
Proceedings of the 44th International ACM SIGIR Conference
on Research and Development in Information Retrieval.
Virtual Event, Canada, 2021. 367-377

Wang Z, Zhang J, Xu H, et al. Counterfactual data-
augmented sequential recommendation//Proceedings of the
44th International ACM SIGIR Conference on Research and
Development in Information Retrieval. Virtual Event, Canada,
2021 347-356

JiJ, LiZ, XuS, etal. Counterfactual collaborative reasoning
//Proceedings of the 16th ACM International Conference on
Web Search and Data Mining. Singapore, 2023: 249-257
Marlin B M, Zemel R S. Collaborative prediction and
ranking with non-random missing data//Proceedings of the
3rd ACM Conference on Recommender Systems. New York,
USA, 2009: 5-12

Schnabel T, Swaminathan A, Singh A, et al. Recommen-
dations as treatments: Debiasing learning and evaluation//
Proceedings of the International Conference on Machine
Learning. New York, USA, 2016. 1670-1679

Gao C, Li S, Zhang Y, et al. KuaiRand: An unbiased
sequential recommendation dataset with randomly exposed
videos//Proceedings of the 31st ACM International Conference
on Information & Knowledge Management. Atlanta, USA,
2022: 3953-3957

Bonner S, Vasile F. Causal embeddings for recommendation
//Proceedings of the 12th ACM Conference on Recommender
Systems. Vancouver, Canada, 2018 104-112

Liu D, Cheng P, Dong Z, et al. A general knowledge distil-
lation framework for counterfactual recommendation via
uniform data//Proceedings of the 43rd International ACM
SIGIR Conference on Research and Development in Infor-
mation Retrieval. Virtual Event, China, 2020 831-840
Wang X, Zhang R, Sun Y. Qi J. Combating selection
biases in recommender systems with a few unbiased ratings//
Proceedings of the 14th ACM International Conference on
Web Search and Data Mining. Virtual Event, Israel, 2021;
427-435

Chen J, Dong H, Qiu Y, et al. AutoDebias: Learning to
debias for recommendation//Proceedings of the 44th Inter-
national ACM SIGIR Conference on Research and Development
in Information Retrieval. Virtual Event, Canada, 2021.

21-30



2330 it " . 2 i 2024 4F
[65] Li H, Xiao Y, Zheng C, Wu P. Balancing unobserved and Data Mining. Washington, USA, 2022: 1969-1978
confounding with a few unbiased ratings in debiased recom- [78] Zhang Y, Feng F, He X, et al. Causal intervention for

[66]

[67]

[68]

[69]

[70]

[71]

[72]

[73]

[74]

[75]

[76]

[77]

mendations//Proceedings of the ACM Web Conference.
Austin, USA, 2023 1305-1313

Ding S, Feng F, He X, et al. Interpolative distillation for
unifying biased and debiased recommendation//Proceedings
of the 45th International ACM SIGIR Conference on Research
and Development in Information Retrieval. Madrid, Spain,
2022 40-49

Zhang X, Dai S, Xu J, et al. Counteracting user attention
bias in music streaming recommendation via reward modifi-
cation//Proceedings of the 28th ACM SIGKDD Conference
on Knowledge Discovery and Data Mining. Washington.,
USA, 2022: 2504-2514

Zheng Y, Gao C, Ding J, et al. DVR.: Micro-video recom-
mendation optimizing watch-time-gain under duration bias //
Proceedings of the 30th ACM International Conference on
Multimedia. Lisboa, Portugal, 2022. 334-345

Zhan R, Pei C, Su Q, et al. Deconfounding duration bias in
watch-time prediction for video recommendation//Proceedings
of the 28th ACM SIGKDD Conference on Knowledge
Discovery and Data Mining. Washington, USA, 2022, 4472-
4481

Zheng Y, Gao C, Li X, et al. Disentangling user interest
and conformity for recommendation with causal embedding
//Proceedings of the Web Conference. Ljubljana, Slovenia,
2021. 2980-2991

Zhao W, Tang D, Chen X, et al. Disentangled causal
embedding with contrastive learning for recommender system
//Companion Proceedings of the ACM Web Conference.
Austin, USA, 2023 406-410

Chen Z, Wu]J, Li C, et al. Co-training disentangled domain
adaptation network for leveraging popularity bias in recom-
menders//Proceedings of the 45th International ACM SIGIR
Conference on Research and Development in Information
Retrieval. New York, USA. 2022 60-69

Xv G, Lin C, Li H, et al. Neutralizing popularity bias in
recommendation models//Proceedings of the 45th International
ACM SIGIR Conference on Research and Development in
Information Retrieval. Madrid, Spain, 2022. 2623-2628
Wang S, Chen X, Sheng Q Z, et al. Causal disentangled
variational auto-encoder for preference understanding in
recommendation//Proceedings of the 46th International
ACM SIGIR Conference on Research and Development in
Information Retrieval. Taipei, China, 2023, 1874-1878
Wang W, Lin X, Wang L., et al. Causal disentangled
recommendation against user preference shifts. ACM Trans-
actions on Information Systems, 2023, 41(1): 12.:1-12.27
Wang W, Lin X, Feng F, et al. Causal representation
learning for out-of-distribution recommendation//Proceedings
of the ACM Web Conference 2022.
3562-3571

Lyon, France, 2022.

Wang Z, He Y, Liu J, et al. Invariant preference learning
for general debiasing in recommendation//Proceedings of the

28th ACM SIGKDD Conference on Knowledge Discovery

[79]

[80]

[81]

[82]

[83]

[84]

[85]

[86]

[87]

[88]

[89]

[90]

leveraging popularity bias in recommendation//Proceedings
of the 44th International ACM SIGIR Conference on Research
and Development in Information Retrieval. New York, USA,
2021 11-20

Wang X, Wang W, Feng F, et al. Causal intervention for
fairness in multi-behavior recommendation. arXiv preprint
arXiv:2209. 04589, 2022

Wang W, Feng F, He X, et al. Deconfounded recommen-
dation for alleviating bias amplification//Proceedings of the
27th ACM SIGKDD Conference on Knowledge Discovery &
Data Mining. Virtual Event, Singapore, 2021: 1717-1725
He M, Chen X, Hu X, Li C. Causal intervention for senti-
ment de-biasing in recommendation//Proceedings of the 31st
ACM International Conference on Information &. Knowledge
Management., Atlanta, USA, 2022. 4014-4018

Wang Y, Guo H, Chen B, et al. Causalint: Causal inspired
intervention for multi-scenario recommendation//Proceedings
of the 28th ACM SIGKDD Conference on Knowledge Discovery
and Data Mining. Washington, USA, 2022:. 4090-4099
Xu S, Tan J, Heinecke S, et al. Deconfounded causal
collaborative filtering. ACM Transactions on Recommender
Systems, 2023, 1(4); 1-25

He X, Zhang Y, Feng F, et al. Addressing confounding
ACM Transactions
on Information Systems, 2023, 41(3); 1-23

feature issue for causal recommendation.

Wei T, Feng F, Chen J, et al. Model-agnostic counterfactual
reasoning for eliminating popularity bias in recommender
system//Proceedings of the 27th ACM SIGKDD Conference
on Knowledge Discovery & Data Mining. Virtual Event,
Singapore, 2021: 1791-1800

Mu S, Li Y, Zhao W X, et al. Alleviating spurious correla-
tions in knowledge-aware recommendations through counter-
factual generator//Proceedings of the 45th International
ACM SIGIR Conference on Research and Development in
Information Retrieval. Madrid, Spain, 2022. 1401-1411
Wang W, Feng F, He X, et al. Clicks can be cheating:
mitigating clickbait
issue//Proceedings of the 44th International ACM SIGIR

Counterfactual recommendation for
Conference on Research and Development in Information
Retrieval. Virtual Event, Canada, 2021 1288-1297

He M, Hu X, Li C, et al. Mitigating confounding bias for
recommendation via counterfactual inference//Proceedings
of the Joint European Conference on Machine Learning and
Knowledge Discovery in Databases. Grenoble, France, 2022
524-540

Xu D, Ruan C, Korpeoglu E, et al. Adversarial counterfactual
learning and evaluation for recommender system. Advances
in Neural Information Processing Systems, 2020, 33: 13515-
13526

Xiong K, Ye W, Chen X, et al.
based recommendation//Proceedings of the 30th ACM Inter-

Counterfactual review-

national Conference on Information & Knowledge Management.

Virtual Event, Queensland, Australia, 2021 2231-2240



10 14

0BT A« T TR BT Y R R 8 25 M DT A 4 3

2331

[91]

[92]

[93]

[94]

[95]

[96]

[97]

[98]

[99]

[100]

[101]

[102]

[103]

[104]

Liu Y, Yen J-N, Yuan B, et al. Practical counterfactual
policy learning for Top-K recommendations//Proceedings
of the 28th ACM SIGKDD Conference on Knowledge
Discovery and Data Mining. Washington, USA, 2022. 1141-
1151

Huang W, Zhang L., Wu X. Achieving counterfactual fair-
ness for causal bandit//Proceedings of the AAAI Conference
on Artificial Intelligence. Washington, USA, 2022 6952-
6959

Ge Y, Tan J, Zhu Y, et al. Explainable fairness in recom-
mendation//Proceedings of the 45th International ACM SIGIR
Conference on Research and Development in Information
Retrieval. New York, USA., 2022. 681-691

Lin X, Zhang M, Zhang Y. et al. Fairness-aware group
recommendation with Pareto-efficiency//Proceedings of the
11th ACM Conference on Recommender Systems. Como,
Ttaly, 2017. 107-115

Li Y, Chen H, Xu S, et al. Towards personalized fairness
based on causal notion//Proceedings of the 44 th International
ACM SIGIR Conference on Research and Development in
Information Retrieval. New York, USA, 2021. 1054-1063
Zhang Q. Zhang X, Liu Y, et al. Debiasing recommendation
by learning identifiable latent confounders//Proceedings of the
29th ACM SIGKDD Conference on Knowledge Discovery and
Data Mining. Long Beach, USA, 2023. 3353-3363

Ding S, Wu P, Feng F, et al. Addressing unmeasured
confounder for recommendation with sensitivity analysis//
Proceedings of the 28th ACM SIGKDD Conference on
Knowledge Discovery and Data Mining. Washington, USA,
2022 305-315

Zhu Y, Yi J, Xie J, Chen Z. Deep causal reasoning for
recommendations. ACM Transactions on Intelligent Systems
and Technology, 2024, 15(4): 1-25

Wang C-D, Deng Z-H, Lai J-H, Philip S Y. Serendipitous
recommendation in e-commerce using innovator-based collab-
orative filtering. IEEE Transactions on Cybernetics, 2018,
49(7) . 2678-2692

Wang Z, Zou Y, Dai A, et al. An industrial framework for
personalized serendipitous recommendation in e-commerce//
Proceedings of the 17th ACM Conference on Recommender
Systems. Singapore, 2023: 1015-1018

Pradel B, Usunier N, Gallinari P. Ranking with non-random
missing ratings: Influence of popularity and positivity on
evaluation metrics//Proceedings of the 6th ACM Conference
on Recommender Systems. Dublin, Ireland, 2012. 147-154
De Myttenaere A, Grand B L, Golden B, Rossi F. Reducing
offline evaluation bias in recommendation systems. arXiv
preprint arXiv:1407. 0822, 2014

Joachims T, Swaminathan A, Schnabel T. Unbiased learning-
to-rank with biased feedback//Proceedings of the 10th ACM
International Conference on Web Search and Data Mining.
Cambridge, UK, 2017 781-789

Ai Q, Bi K, Cheng L, et al, Unbiased learning to rank
with unbiased propensity estimation//Proceedings of the

41st International ACM SIGIR Conference on Research &.

[105]

[106]

[107]

[108]

[109]

[110]

[111]

[112]

[113]

[114]

[115]

[116]

Development in Information Retrieval. Ann Arbor, USA,
2018: 385-394

Saito Y, Yaginuma S, Nishino Y, et al. Unbiased recom-
mender learning from missing-not-at-random implicit feedback
//Proceedings of the 13th International Conference on Web
Search and Data Mining. Houston, USA, 2020 501-509
Sato M, Takemori S, Singh J, Ohkuma T. Unbiased learning
for the causal effect of recommendation//Proceedings of the
14th ACM Conference on Recommender Systems. Virtual
Event, Brazil, 2020. 378-387

Lee J-W. Park S, Lee J. Bilateral self-unbiased learning
from biased implicit feedback//Proceedings of the 45th
International ACM SIGIR Conference on Research and
Development in Information Retrieval. Madrid, Spain,
2022 29-39

Li H, Xiao Y, Zheng C, et al. Propensity matters: Measuring
and enhancing balancing for recommendation//Proceedings
of the 40th International Conference on Machine Learning.
Honolulu, USA, 2023: 20182-20194

Wang X. Zhang R, Sun Y, Qi J. Doubly robust joint
learning for recommendation on data missing not at random//
Proceedings of the 36th International Conference on Machine
Learning. Long Beach, USA, 2019. 6638-6647

Saito Y. Doubly robust estimator for ranking metrics
with post-click conversions//Proceedings of the 14th ACM
Conference on Recommender Systems. Virtual Event, Brazil,
2020: 92-100

Dai Q, Li H, Wu P, et al. A generalized doubly robust
learning framework for debiasing post-click conversion
rate prediction//Proceedings of the 28th ACM SIGKDD
Conference on Knowledge Discovery and Data Mining.
Washington, USA, 2022. 252-262

Xiao T, Wang S. Towards unbiased and robust causal
ranking for recommender systems//Proceedings of the 15th
ACM International Conference on Web Search and Data
Mining. Virtual Event, USA, 2022. 1158-1167

Zhang W, Bao W, Liu X-Y, et al. Large-scale causal
approaches to debiasing post-click conversion rate estimation
with multi-task learning//Proceedings of the Web Conference.
Taipei, China, 2020, 2775-2781

Li H, Dai Q, Li Y, et al. Multiple robust learning for
recommendation//Proceedings of the AAAI Conference on
Artificial Intelligence. Vancouver, Canada, 2023 4417-
4425

Song Z, Chen J, Zhou S, et al. CDR: Conservative doubly
robust learning for debiased recommendation//Proceedings
of the 32nd ACM International Conference on Information
and Knowledge Management. Birmingham, UK, 2023 2321-
2330

Offline A/B

testing for recommender systems//Proceedings of the 11th

Gilotte A, Calauzénes C, Nedelec T, et al.

ACM International Conference on Web Search and Data

Mining. Marina Del Rey, USA, 2018. 198-206



2332 L2 I S 1 = SR 2024 4

[117] Oosterhuis H, de Rijke M. Unifying online and counterfac- Virtual Event, Canada, 2021 275-284
tual learning to rank: A novel counterfactual estimator that [121] Spirtes P, Glymour C N, Scheines R. Causation, Prediction,
effectively utilizes online interventions//Proceedings of the and Search. Cambridge, Massachusetts, USA . MIT Press,
14th ACM International Conference on Web Search and 2001
Data Mining. Virtual Event, Israel, 2021 463-471 [122] Spirtes P L, Meek C, Richardson T S. Causal inference

[118] Meclnerney J, Brost B, Chandar P, et al. Counterfactual in the presence of latent variables and selection bias//
evaluation of slate recommendations with sequential reward Proceedings of the 11th Conference on Uncertainty in
interactions,//Proceedings of the 26th ACM SIGKDD Interna- Artificial Intelligence. San Francisco, USA, 1995 499-506
tional Conference on Knowledge Discovery &. Data Mining. [123] Shimizu S, Hoyer P O, Hyviarinen A, et al. A linear non-
Virtual Event, USA, 2020 1779-1788 Gaussian acyclic model for causal discovery. Journal of

[119] Lee J-W, Park S, Lee J. Dual unbiased recommender Machine Learning Research, 2006, 7(10): 2003-2030
learning for implicit feedback//Proceedings of the 44th [124] Zheng Y, Ng 1, Zhang K. On the identifiability of nonlinear
International ACM SIGIR Conference on Research and ICA: Sparsity and beyond//Proceedings of the 36th Interna-
Development in Information Retrieval. Virtual Event, tional Conference on Neural Information Processing Systems.
Canada, 2021: 1647-1651 New Orleans, USA, 2022. 16411-16422

[120] Guo S, Zou L, Liu Y, et al. Enhanced doubly robust [125] Schlkopf B, Locatello F, Bauer S, et al. Towards causal

learning for debiasing post-click conversion rate estimation //
Proceedings of the 44th International ACM SIGIR Conference

on Research and Development in Information Retrieval.

YANG Xin-Xin, Ph. D. candidate.
Her main research interests include recom-

mendation system and causal inference.

LIU Zhen, Ph. D., professor, Ph. D. supervisor. Her

main research interests include data mining, recommendation

Background

Recommender system, as an import information filtering
technique, has achieved great success in the era of information
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recommendation performance.
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