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(3. COUNTERFACTUALS i @ @
ACTIVITY:  Imagining, Retrospection, Understanding %I(,fq:
[l
QUESTIONS:  What if 1 had done ...2 Why? %
(Was it X that caused Y? What if X had not Hﬁ

occurred? What if T had acted differently?)

EXAMPLES:  Wias it the aspirin that stopped my headache? A A

Would Kennedy be alive if Oswald had not

B }\l.il:g ;EEZP\vmanlml not smoked for the ‘ O-h O.b o.h ﬁ%gﬁﬁ
) A Jel:: Plgs @ L
. INTERVENTION
f\CTIV[TY: Doing, Intervening :Fﬁﬁ

QUESTIONS:  What if 1do ...2 How?
(What would Y be if Tdo X?
How can I make Y happen?)

et

RQL:  \ & il
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1. ASSOCIATION s . -
ACTIVITY:  Seeing, Observing %Hx Z‘Hﬁ%%ﬁ
QUESTIONS:  Whatif I e .2

EXAMPLES:  If I take aspirin, will my headache be cured?
What if we ban cigarettes?

Judea Pearl

01MFEIREIRSE

(How are the variables related?
How would seeing X change my belief in Y?)

EXAMPLES:  What does a symptom tell me about a disease?
What does a survey tell us about the
election results?
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man in black shirt is playing guitar.

P(#3Z | FReR ) = 5.98% P(#3#2 | do(‘Rg8) ) = 3.10%
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Zhang, S., Jiang, T., Wang, T., Kuang, K,, Yu, J., Yang, H. and Wu, F., DeVLBert: Learning Deconfounded Visio-
Representations. 28th ACM International Conference on Multimedia (MM), 2020
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P(Y|X) = ) P(Y,zIX) = > P(Y|X,2)P(z|X)

4

P(Y|X) = P(Y|do(X)) = Y P(Y|X,2)P(z)

Zhang, S., Jiang, T., Wang, T., Kuang, K,, Yu, J., Yang, H. and Wu, F.,
DeVLBert: Learning Deconfounded Visio-Linguistic Representations. 28th
ACM International Conference on Multimedia (MM), 2020
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LAtE s Tl 2riR2 8 )2 L Be P(Y|do(X)) = E,[P(Y|X, z)] = E,|softmax(f.(x,2))]

~ softmax(E,[f.(x,z)])

y u woow Image Retrieval (IR) Zero-shot IR VQA
*l 4 Methods R@1 R@5 R@10 | R@1 R@5 R@10 | test-dev test-std
De-con De-con De-con
A_ De-con 4 V\ SCAN [22] 48.6 77.7 85.2 - - - - -
— =) B. (%) (%) (%)X BUTD [1] - - - - - - 65.3 65.7
1 ! 1 1 *VisualBERT [24] - - - - - - 70.8 71.0
— <DBerTC> S — CDBerTC> S o C>Beﬁ<3 S OInterBert [25] 619 871 927 | 492 776  86.0 70.3 70.6
> e e > S O o > e e °ViLBERT [29] (Baseline) 58.2 84.9 91.5 31.9 61.1 72.8 70.6 70.9
Embsdding ¥ 7 ) . — L T — L} ¥ T T °DeVLBert 61.6 87.1 92.6 36.0 67.1 78.3 71.1 71.5
Cwr ) (we ) Cws ) (wa ) (o) ) (s ) (Cwa) Con ) ) (s ) (Cwa )
n i (7] y# R, Q: Are there clouds? Q: What are these sandwiches sitting ong
C’ 4 D. De-con De-con De-con P R
De-con De-con De-con
T — %) (% (XD (x.1) L}Y«NLfi
1 1 r 1 1
Bert Bert Bert
O O 5O 5O O C O C KD O O O O
Emf:;ied(mg\ L} T T i) — T T T T 3 7 7 Fee) Al N D
(wi ) w ) [ ws )(wa) (o) ) ws)[ wi] Cw ) ) ws ) wi) A Yos RIS A: cutting board
Pe-con’ | tervention-based () Masked Token . o P(Sky | dO(C'OUdS)) = P(Sky | ClOUdS) =5.79% E(CU”Ing board l SIHIng) P(chle I Slﬂlng) =2.67%
context prediciton ~ N A, C require twice inference yl label of Y - 025%
De-con P [ w1 | Input Token wy 4.8 ()
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s KPR TIEFESR LR RENS

o I DEMEFEHIEEMMECE X EHEFERIESE LHIT T IIIE Nipey

0.84 250 250
— DIN —DIN
=7 (=Y Ak m =1 47 K& F I A= 082 — om0 0‘35 — o |00
> &
o EHINR R E M T U GER A MERN S SRS % - . -
S o
<0.78 100 Qo5 100
- ——— LY Vi . z
| =2 j;El }l I/ /J AZ ,| &b = ﬁn j("ju_‘_
. *%gzj..\ll!.% E }-:I:I:,FHFE‘ H&jj \Eﬁb! gﬁ q:'-l—:-lJ A L\L 0.76 . 0.20 .
0.74 0.15
Datasets Metric DIN KD IPS  DebiasD EnsCTR MEAL CausalD Improv. ° °
AUC 0.8185 0.8187 0.8034  0.8227 08257  0.8233  0.8329 1.76% Amazon
R@5 03102 0.3104 03066  0.3231 03354 03213 03556  14.64% 0.94 e —
MovieL. R@10 04682 04763 04652  0.4831 04930 04837  0.5170  10.42% — wofDa [400 0650 WD 400
OVIELEnS  NDCG@s 0.2378  0.2382 02362  0.2485 0.2589  0.2492  0.2755 15.85% - e L 0625 —— Causald
NDCG@10 03145 03187 03136  0.3258 03355 03281  0.3538  12.50% 300 0600 300
Heterogeneity |  6.7422  6.4664 63187  6.7020 6.9662  6.7904  6.1937 8.14% 55 S
AUC 0.8873  0.8704 08788  0.8954 0.8983  0.8867  0.9027 1.74% . 2005 Soss0 200
R@5 05644  0.5336 05555  0.5886 05911  0.5698  0.6069 7.53% 08 e
Amazon R@10 0.6854  0.6515  0.6760  0.7060 07087  0.6863  0.7216 5.28% w 100
NDCG@5 04794 04516 04706  0.5007 05038  0.4857  0.5190 8.26% . ‘
NDCG@10 05384  0.5092  0.5294  0.5580 05612 05426  0.5751 6.82% ' . 04751 iy
Heterogeneity |  5.6278  4.8558 45988  4.6458 46880 53794 45514  19.13% R oy K
AUC 07691 07615 07623  0.7712 07700  0.7749  0.7777 1.12% |
R@5 0.1669  0.1727  0.1778  0.2057 0.1831  0.2343  0.2547  52.61%
Aliv R@10 03518  0.3682  0.3953  0.3675 03689 03938  0.4457  26.69%
pay NDCG@5 0.1186  0.1221  0.1237  0.1532 0.1307  0.1745  0.1851  56.07%
NDCG@10 02076  0.2165 02289  0.2314 02204 02517 02779  33.86%
Heterogeneity |  4.7834  4.7798 42870 45788 48856 45540  3.4622  27.62% L EEE i s
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user intention by CUBE Treatment Logits

Request reward
estimation by CREST

Control Logits

Control Net —I— Uplift Net
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) Architecture " i p Vo i
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CIA : {Y;(0), Y; (1)} Lz;|X;,
CATEp(X;) = E[Y;(1)|X;] — E[Y;(0)|X;].

Maximize ZX'GX ziCATEp(X;),
subject to ZX—EX ziCATEQ(X;) < 6,
CATEQ(X;) = E[Qi(1)IXi] - E[Qi(0)IXi] = 4,
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[3] Xufeng Qian, Yue Xu, Fuyu Lv, Shengyu Zhang*, Ziwen Jiang, Qingwen Liu, Xiaoyi Zeng, Tat-Seng Chua, Fel
Wu. Intelligent Request Strategy Design in Recommender System, KDD 2022. (Corresponding Author)

Mapz , SEURMNIRSS

f

AP RERECEE N
JaBEF

0.07
0.06
0.05

o

j— 0.04

(&)

0.03

Increase in Transactions (%)
w

0.02

0.01 0 0.2 0.4 0.6 0.8

0 50 .. 100 150 Probability of inserting requests randomly
Position



I iA5TRSR3: BERim=ENE] ( 173 E)HERR )

Ui B abE VR BISCRT G Min A R 35 - EBYERBESEREREE BRI ME
( BPXREBEEZM ) - EISHIRINENARERNER, S AUEIREIRE

FSipV-matCh

Y% _EWES,

Query . Query Attention Control Loss Treatment Loss

i Attention
Fcands_emb Attention
Value Value
-‘ Treatment Logits
Con Concat 1 ) 2 - :
et i Control Logits Uplift Logits
Self-Attention + Fusion ! '
Tl : T BN | B ; Control Net Uplift Net
cee 1| Exp Behavior Exp Item : 1| Slpv Behavior Slpv Item Ipv Behavior Ipv Item |
'\ _Embedding Embedding /1 Embedding Embeddin Embedding Embedding )1
Candidate Item Embedding 1
: ‘ : ! Fuser: user attribute feature =~ ————* Concat D Fcontext: session context feature
Encode Encode ! . Encode Encode 3 | Encode Encode

Encode

lteml  ltem?2 |
1 | Exp Behavior

Sequence

Candidate Items
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Metric AIQuery OneModel TwoModel ClassTrans Greedy RandQ PoolQ  StaticQ p-value
Qini AUUC T 1.8288 1.4767 1.4007 1.3558 0.4802 0.0398 —3.0404 —1.6724 1.3298 x 107°
Qini (50) T 4.3450 3.8859 3.8061 3.7662 2.8371 1.9209 —2.3353 0.1229 2.3100 x 1073
MSE Y* | 4.3497 4.3526 4.3524 - - - - - 7.5479 X 1076

- EEEERE ;
AUCT 0.8145 0.7980 0.7980 - 0.7974  0.5017 0.4706 0.4817  3.5235Xx 10~
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[3] Xufeng Qian, Yue Xu, Fuyu Lv, Shengyu Zhang*, Ziwen Jiang, Qingwen Liu, Xiaoyi Zeng, Tat-Seng Chua
Wu. Intelligent Request Strategy Design in Recommender System, KDD 2022. (Corresponding Author)
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