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Causal inference (CI) and machine learning (ML) can reinforce each other,
Machine learning brings efficient techniques for causal effect estimation in
high—dimensional settings, and causal inference helps improve the robustness,
generalization, and fairness of machine learning. This course will focus on
two parts: (i) machine learning for causal inference, including tree—based,
representation learning, etc., and (ii) causal inference for machine learning
including interpretation, domain generalization and fairness of machine

learning through the use of causality.
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9 114/04/90 ML for CI - meta learning methods
114/04/21~ i
10 L4/04/27 Review & case study
114/04/28~ ) . g L .
11 114/05/04 Relaxing identification — stable unit treatment value
assumption
114/05/05~ ) . oL
12 1470511 Relaxing identification — unconfoundedness
assumption
114/05/12~ . . cpe e .
13 Relaxing identification — positivity assumption
114/05/18
114/05/19~ . .
14 CI for ML - causal data augmentations for domain
114/05/25 R
generalization
114/05/26~ . .
15 Cl for ML - causal representations for domain
114/06/01 Lo
generalization
114/06/02~ . .
16 CI for ML - causal mechanisms for domain
114/06/08 R
generalization,
114/06/09~ ) . .
17 114/06/15 CI for ML - fair machine learning
114/06/16~ .
18 114/06/92 Review & case study
;%‘ﬁii%% =2 L N BYRE R A LN
i N ~ FPREFRA S AR
Mars 4 | TR BRI Y
STEAMZAZ(SALE ~ TH # ~ Ex 42 ~ M#cH - i Ar > Fiehp i)
AR 38 AR
LY =i
XS
AT
) AR ERNET (H LA EAIT M TESNER)
AT
KM F

. EE#470%
YR | B R £ 830%
AREE | RELT2HEM, EARLELZ2HEREEE

b MREH HRE, A

O KFE: 350 %
i () - 2




"HkEFEEAFE R R : https://info. ais. tku. edu. tw/csp # ¢ ¥ e
B % | FEoRBTR TREFELAER AN, 2o

4

KA BRERRZOFL FRYLERPE HFERECAF R LR -
TSNXM1S1077 0A % 4

P/ £ 4% 2024/12/8 14:11:05




