Causal generative models and representation learning®

Xinwei Shen

Seminar for Statistics and Al Center, ETH Zurich

ETH-UCPH-TUM Workshop

October 11, 2022

1Shen, Xinwei, et al. "Weakly Supervised Disentangled Generative Causal Representation
Learning.” Journal of Machine Learning Research 23 (2022): 1-55.

Xinwei Shen (ETH) Causal disentanglement October 11, 2022 1/22



Causality and machine learning

Traditional causality ML
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Causality and machine learning
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Representation learning and generative models
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Methods for representation learning and generative models

Notations
@ Observed data x ~ p, on X C R4
o Latent variable z ~ p, on Z C R¥
@ Goal: to learn an encoder Ey : X — Z and a generator Gy : Z — X .
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Methods for representation learning and generative models

Notations
@ Observed data x ~ p, on X C R4
o Latent variable z ~ p, on Z C R¥
@ Goal: to learn an encoder Ey : X — Z and a generator Gy : Z — X .
Methods
e VAE
max B 0 G5(216) — Dxn(@s(zb). ()] (1)

o GAN

rgien mSX[Exwp*,z~q¢(z\x)(|n D(Xv Z)) + IEzmpz7X~P6(X|z)(1 —In D(Xa Z))]
(2)
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Disentanglement

o Disentanglement: each dimension of the latent variable measures a
distinct generative factor of the data (Bengio et al., 2013).
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Previous work

e (-VAE (Higgins et al., 2017)

max B, In @5(z1x) — 8Dkt (96(z1). ()] 3)

)

with 8 > 1.
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Previous work

e (-VAE (Higgins et al., 2017)

rr(;%x]EXNp* [In g4(z|x) — BDxL(q¢(2]x), p2(2))] (3)
with 6 > 1.
@ Problems:

o Independence assumption: the underlying factors are mutually indepen-
dent.
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Previous work

e (-VAE (Higgins et al., 2017)

maxExep. [In 45(2[x) = BDk1(49(21) p2(2))] (3)
with 8 > 1.
@ Problems:
o Independence assumption: the underlying factors are mutually indepen-
dent.

— what if the true factors are causally related?

o Unidentifiability of true latent variables
— Locatello et al. (2019) showed that unsupervised learning of disen-
tangled representations is impossible.
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Causal disentanglement learning
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e Using a structural causal model (SCM) as the prior distribution of z.

Inference Generation
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e Using a structural causal model (SCM) as the prior distribution of z.

Inference Generation
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@ Prior distribution pg(z), where parameter 3 includes the causal struc-
ture and structural equations.
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Formulation and algorithm

@ Formulation with weak supervision

min [Dit(66(x. 2).po(x. 2)) + AE[e(E(X). Y)]]

@ We adopt our proposed efficient GAN algorithm for optimization (Shen
et al., 2022).

o ldentifiability and statistical consistency.
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Experimental results
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@ Synthesized dataset Pendulum (Yang et al., 2020)
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o CelebA (Liu et al., 2015)

@ Meta-data: some labeled binary attributes.

gender(1)
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Interventional generation

@ Standard traversals: direct causal effect

@ Do-interventions on causes, Pgo(z’:c)(z): total causal effects
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Interventional generation
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Interventional generation
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Structure learning (Pendulum)
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Structure learning (CelebA)
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Discussion on prediction based on causal disentanglement

Another important application is “better” prediction based on the causal
disentangled representations.

2Nonlinear prediction
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o Causality = robustness

2Nonlinear prediction
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Discussion on prediction based on causal disentanglement
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Discussion on prediction based on causal disentanglement

Partial identifiability
Identifiability of

Entangled
Black-box latent variables
Robustness
Correlation . L Identifiability of
-based causal parameters
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A

@ Ambition: interpretability and robustness in a joint formulation
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@ Causality and machine learning
o causal generative models and representation learning
o Causal disentanglement learning
e an SCM as the prior distribution for the latent variable
e interventional generation

@ Trade-off between prediction and interpretability and robustness
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