Contrastive Counterfactual Learning for Causality-aware Interpretable
Recommender Systems(CIKM ’23)

Zhou et al., 2023

Jiun Jeong
March 11, 2025

Contrastive Counterfactual Learning for Causality-aware Interpretable Recommender Systems(CIKN

.



Introduction

Proposition method

Experiments

Contrastive Counterfactual Learning for Causality-aware Interpretable Recommender Systems(CIKN

-_— | o



Introduction



Introduction

H AARE YO R S 0f0|&10] RAO|H| =B (Exposure) |1, $47t O[S B7H(Rating)

o —%— = A= °©
St M EB GIo[HE 7|Bte2 otE
o O[2{5t A|ARIZ RAHO|H =Z5|Z| 242 OFO[&o]| CiSt 2| HE mpefeh 4~ 910] G|O|E 7| =2t
o E2t G[O|E{0]| OISt =&l =& UfHLS2 LT Ol0El 2IF2 LE2&H &&= A0
2ot 0|F & HMeK(Exposure bias)2til o

Contrastive Counterfactual Learning for Causality-aware Interpretable Recommender Systems(CIKN

—_— | &=



L= M3SF(Exposure bias)2| |Ql: 2= [|0|E{2]

[

RS
E ) i Problem: not consistent
wvose?’ﬁ ks i - with real preferences.

- = servational —_— !

0 = -0

19

0
=

=]
=]

o RA7t FHH2tE FOISHR| T HFE(QL OLR AR =2 E0f, A|ARO[ ALEAIZL Ft02HE FO0tY
hsHe HE LA R
Contrastive Counterfactual Learning for Causality-aware Interpretable Recommender Systems(CIKN
—_— | 4w



2l 22l(Confounder)2| Hek

(Exposure bias)2| 219I: A2l

o OIO|& == O|7{LIS0| 23t 20|, 2|94 Aot § 5AH2 29212 J&¢2 ¢S
0| 3l 21 A8t AH 2 =2 E

ex) S AG0MYU HSEl= o

Contrastive Counterfactual Learning for Causality-aware Interpretable Recommender Systems(CIKN

—_— | &



=OlI:l
Y
(o]-3
re

=20ME FAO7| OtO|&-I0] AFFHH 2=l &S US0, DRE H=E 202 &

- G|O|E{ A4 1}Hof CHst QI ELEHE(Structural Causal Models, SCMs) 49|

1]
SCME 284l HO|E{Q] H4 2t 2AHIE YAH o= DAY, S2 HMpIt AL Mokt &
HiZ{LS AtOlof O|2|= Fets 2fc
— 2} OjO|EI0| 5ot HEZ =2 &|= 710l A3 AU2|28 3
- Contrastive Self-Supervised Learning (SSL)2| &
SSL Z2| A E ALl 7A1-00IH H|Y B S SH55IL, =5 Haks &st

- Contrastive Counterfactual Learning(CCL)
AT B MES 28l =252 %2 OPO|HOME RA9 USEE & PHYStEE 2 o5
o Ol2{3t WAIZ S5 =2 OJ2{LIS0| HEE/= 2S 9o} CIE Of0je0] L2E|ER S

Contrastive Counterfactual Learning for Causality-aware Interpretable Recommender Systems(CIKN

—_— | &



Proposition method



AHQtEl get 1. Qlat Jefx

Figure 2: 12} 2O S SESIO S A|AEIO| HOE WY 2ol LU= confounder(E2t B4 )7t 74 2F
OfOI&l 7t =28 (=2 BIHUS)0l 02l g2 24
12 4+ AS. A S0, ==t 0|2 &Y

Contrastive Counterfactual Learning for Causality-aware Interpretable Recommender Systems(CIKN

-_— | o



AHQrE WY 2: SSL ZUel3 #E

o YOI Bt WHORE ATAR BHX| UE OfolUE Thad| 45 THs40| YTtm 2251
Ij20]|, SSL(Contrastive Self-Supervised Learning)2 &850 H3l(representation) ShH52 7HM
1 exp(po(u,it))
Leon &= — —log - ! - (1)
DI (X CNZ By e oy
i+"1f‘posu
i~ ~Pdata
o A2} HZ2E5 OIO|HIS Positive sample2 #53t= 7|22 Y2 =& HIO| oo 742
23 MBS oot Ret
— 0]0]| CH5f =20 = A22 Positive sampling 7|HS 2235t 0|6 S (Augmentation)2
Soff CtFot OFO|EI0| =25 =8 R

Contrastive Counterfactual Learning for Causality-aware Interpretable Recommender Systems(CIKN

.



HIOHE! Y 3: CCL H|QH

e Contrastive Counterfactual Learning

hok—1 = gu(Tu) ® gi(x:) (2)
hak = gu(t(zw)) @ gi(t(z:)) (3)

. . im(har—1, h
lea(hanr, how) = —log——— exp(sim(hak—1, hak)/T) (4)
Zm:l 1[771#21@ 1]61'p(51m(h2k 17 )/T)

N
Loy = Z [Cd (hak—1, har) + lea(hak, hog— 1)] (5)

72N gu(zw), gi(z:)= £ 4 ult OLO|&! i9] representation, @& concat&t4E 2|0

o Anchor®| EHOI (2)2 MEYE t(z,), t(r:)2] HHOI (3)0] ISR 3t

=2

Contrastive Counterfactual Learning for Causality-aware Interpretable Recommender Systems(CIKN
—_— | o



o =22 M|7}2|Q| positive samplingHS A|Qt5t0] CIYSH OLO|EIO| LE2E|E2 S5

o -

- Propensity score-based sampling: Naive Bayes 87| L£= ZA|AEl 3|7 ZHOZ 24Tl propensity

scoreS 7|85t MEE vHO 2 7|20l Anchor®} propensity score?} 712+ BH0| 2t0|Lt= OO|&IS
MEZ ALE

Item popularity-based sampling: O}O|&ll Q17| =& AF235}0] Anchorl}l Q17|= 2t0|7} 7+2 2 O}O|E
MEZ AlR

njo

- Random counterfactual sampling: §4 u2l A4&2r20| gl= Ofo|&l

|(Counterfactual) g HE5HA &0t
HEZ AL

Contrastive Counterfactual Learning for Causality-aware Interpretable Recommender Systems(CIKN
— |



o Ol2HQ| £AIS E5f trainigRtAO|A BH&E
L= ‘CV&C + )\£ch (6)
N 7 ~
Liec = Z —Gu,i - log(f(hak—1)) — (L = Gu,i) - log(1 — f(hor—1)) (7)
. N
ﬁccl = Z [lccl h2k 17h2k) + lccl(hgk hgk 1)] (8)

e O§7|M f(-)= Neural network layers& L}E}

Contrastive Counterfactual Learning for Causality-aware Interpretable Recommender Systems(CIKN

— | wjm



- {Random Counterfactual sampling ;
Maximize agreement L. (from unobserved user-tem pair) Anchor |
g i1/l i3 la

Ug

Uy

e E

Uz

Ug

Sorted by propensity socre
i Lo ey

Anchor

Propensity score-based sampling

Embedding

Layer Sorted by item popularity
- 3

Anchor_

xwxg, )7ui}N
(a) Recommendation model (b) Contrastive Counterfactual Learning (c) Positive sampling
(CCL)

Figure 3: =&0i| M A|Qtet T3

Contrastive Counterfactual Learning for Causality-aware Interpretable Recommender Systems(CIKN
12/18




Experiments




o Al

AHS 2|5t O|0|E{= Coat®} Yahoo! R3Z At

- CoatOl|O|Ef: &7 HALO|EQ| Coat H|O|E{2 290H 2| R4{2} 3007H2| OfO|EIe 2 LM E. training
HHEoME= 2F A7t 24712| OFO|RO|| CHall BHEES H7(1, test HHOMe= S22 BAIE 16742
OtO|&lof| Cist WS &

- Yahoo! R3 GOJEf: 2{2} =2} T2 CIOEI2 trainG|O[EfS 1540039 RA7} 471 308+
GIOJE], testCIO[EfS 5,40080] 927} Rate

2ol B
22492 Mg 1030] chat B CO[EZ 74

Gl

o S O|O|E| 25 testH|O|E{OA 22| L

=2 7|82 o WR|R| g2 HolH2 74 oA,
=2 HIYO| HAHE d&E 7HEE

oo =2

Contrastive Counterfactual Learning for Causality-aware Interpretable Recommender Systems(CIKN
— | wyu



Dataset  Methods NDCG@57T NDCG@10T Recall@1T Recall@5T MRRT Gini | Global Utility T

MF 0.618878 0.685805 0.143029 0.470560 0.724109  0.328557 0.519310
+IPS 0.546103 0.642255 0.137241 0.445300 0.695958  0.370406 0.465517
+SNIPS 0.619469 0.693272 0.130670 0.472532 0.702422  0.335425 0.509655
+DR 0.610190 0.683095 0.142121 0.458575 0.723581  0.335808 0.506207
+CVIB 0.635618 0.706618 0.154944 0.485840 0.753408  0.333855 0.515172
Coat NCF 0.613597 0.686848 0.155841 0.478001 0.727774  0.356257 0.502483
+IPS 0.615375 0.692377 0.149823 0.469947 0.726316  0.347815 0.506897
+SNIPS 0.619516 0.697859 0.156743 0.464328 0.739233  0.343668 0.509655
+DR 0.636087 0.708855 0.152474 0.469774 0.726123  0.331799 0.519310
+CVIB 0.627515 0.702538 0.155350 0.488107 0.742603  0.341349 0.5155862
LightGCN 0.598313 0.671740 0.133139 0.454676 0.698339  0.358796 0.502759
CCL w/ps 0.631428 0.705370 0.158229 0.478170 0.748094  0.325380 0.513103
CCL w/pop 0.614438 0.690041 0.136208 0.461086 0.735151  0.330061 0.513103

CCL w/cf 0.646099 0.715099 0.156814 0.490682  0.755027 0.312651 0.524828

Figure 4: Coat Cj|O|E{ A& Znt

Contrastive Counterfactual Learning for Causality-aware Interpretable Recommender Systems(CIKN

— |



Dataset ~ Methods NDCG@57T NDCG@10T Recall@1T Recall@5T MRRT Gini | Global Utility T

MF 0.634687 0.762871 0.381295 0.667766 0.436356  0.582162 0.252037
+IPS 0.646120 0.765412 0.373860 0.700561 0.430910  0.557144 0.259889
+SNIPS 0.638394 0.763969 0.381063 0.683709 0.432395  0.565564 0.251926
+DR 0.656221 0.772937 0.385328 0.704601 0.444278  0.557553 0.263815
+CVIB 0.696131 0.799171 0.412612 0.738778 0.483970  0.541144 0.278963
Yahoo! R3 NCF 0.654634 0.774168 0.383378 0.700092 0.443718  0.562444 0.260481
+IPS 0.660373 0.775258 0.381428 0.710659 0.436361  0.548205 0.263970
+SNIPS 0.652109 0.768611 0.390112 0.724687 0.452089  0.549243 0.261852
+DR 0.647838 0.768016 0.387093 0.718626 0.452037  0.559978 0.259259
+CVIB 0.667489 0.780986 0.394774 0.716073 0.456541  0.547794 0.2655923
LightGCN 0.589551 0.730583 0.343585 0.645705 0.376967  0.582675 0.235222
CCL w/ps 0.685223 0.792537 0.405060 0.730238 0.475835  0.544201 0.273185
CCL w/pop 0.685183 0.792550 0.405038 0.730168 0.475966  0.544143 0.273111
CCL w/cf 0.696671 0.799688 0.413482 0.739955  0.487297 0.537753 0.277519

Figure 5: Yahoo! R3 Cj|O|E{ A& A1}
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