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Motivation: Domain Generalization

Classifier Training

Painting Photo Cartoon

Sketch

 Domain: a data generation regime
 Domain generalization (DG): Build a robust recognition 

system for classification in previously unseen datasets, 
given one or multiple training datasets.

Requirement: No target samples available for model 
training 

Seen source domain(s)

Unseen target domain(s)

Testing
Weaknesses: static and discrete domains, inexplicit inter-
domain correlation
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Motivation: Evolving Domain Environment 

 Self-driven car system

 Disease diagnosis

Morning Night
Time

Young Old
Age

Unseen 
Domain(s)

Unseen 
Domain(s)
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Methodology

Bayesian rule:
𝑃𝑃 𝑋𝑋,𝑌𝑌 = 𝑃𝑃 𝑋𝑋 𝑃𝑃(𝑌𝑌|𝑋𝑋)

Distribution shift:
(1) Covariate shift

𝑃𝑃(𝑋𝑋𝑠𝑠) ≠ 𝑃𝑃(𝑋𝑋𝑡𝑡)

(2) Concept shift
𝑃𝑃(𝑌𝑌𝑠𝑠|𝑋𝑋𝑠𝑠) ≠ 𝑃𝑃(𝑌𝑌𝑡𝑡|𝑋𝑋𝑡𝑡)

 Latent Structure-aware Sequence AutoEncoder (LSSAE)

Lu et al., “Learning under Concept Drift: A Review”, TKDE’19.
Federici et al., “An Information-theoretic Approach to Distribution Shifts”, NeurIPS’19.
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Methodology

 Latent Structure-aware Sequence AutoEncoder (LSSAE)

(a) Conventional DG with covariate shift only:
𝑃𝑃(𝑋𝑋𝑠𝑠) ≠ 𝑃𝑃(𝑋𝑋𝑡𝑡) and 𝑃𝑃 𝑌𝑌𝑠𝑠 𝑋𝑋𝑠𝑠 = 𝑃𝑃(𝑌𝑌𝑡𝑡|𝑋𝑋𝑡𝑡)
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Methodology

 Latent Structure-aware Sequence AutoEncoder (LSSAE)

(a) Conventional DG with covariate shift only:
𝑃𝑃(𝑋𝑋𝑠𝑠) ≠ 𝑃𝑃(𝑋𝑋𝑡𝑡) and 𝑃𝑃 𝑌𝑌𝑠𝑠 𝑋𝑋𝑠𝑠 = 𝑃𝑃(𝑌𝑌𝑡𝑡|𝑋𝑋𝑡𝑡)

(b) Heterogenous DG:
𝑃𝑃(𝑋𝑋𝑠𝑠) ≠ 𝑃𝑃(𝑋𝑋𝑡𝑡) and 𝑃𝑃 𝑌𝑌𝑠𝑠 𝑋𝑋𝑠𝑠 ≠ 𝑃𝑃(𝑌𝑌𝑡𝑡|𝑋𝑋𝑡𝑡)

Li et al., “Feature-Critic Networks for Heterogeneous Domain Generalisation”, ICML’19.
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Methodology

(a) Conventional DG with covariate shift only:
𝑃𝑃(𝑋𝑋𝑠𝑠) ≠ 𝑃𝑃(𝑋𝑋𝑡𝑡) and 𝑃𝑃 𝑌𝑌𝑠𝑠 𝑋𝑋𝑠𝑠 = 𝑃𝑃(𝑌𝑌𝑡𝑡|𝑋𝑋𝑡𝑡)

(b) Heterogenous DG:
𝑃𝑃(𝑋𝑋𝑠𝑠) ≠ 𝑃𝑃(𝑋𝑋𝑡𝑡) and 𝑃𝑃 𝑌𝑌𝑠𝑠 𝑋𝑋𝑠𝑠 ≠ 𝑃𝑃(𝑌𝑌𝑡𝑡|𝑋𝑋𝑡𝑡)

(c) Evolving environment with covariate shift only:
𝑃𝑃(𝑋𝑋𝑡𝑡−1) ≠ 𝑃𝑃(𝑋𝑋𝑡𝑡) and 𝑃𝑃 𝑌𝑌𝑡𝑡−1 𝑋𝑋𝑡𝑡−1 = 𝑃𝑃(𝑌𝑌𝑡𝑡|𝑋𝑋𝑡𝑡)

 Latent Structure-aware Sequence AutoEncoder (LSSAE)
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Methodology

 Latent Structure-aware Sequence AutoEncoder (LSSAE)

(a) Conventional DG with covariate shift only:
𝑃𝑃(𝑋𝑋𝑠𝑠) ≠ 𝑃𝑃(𝑋𝑋𝑡𝑡) and 𝑃𝑃 𝑌𝑌𝑠𝑠 𝑋𝑋𝑠𝑠 = 𝑃𝑃(𝑌𝑌𝑡𝑡|𝑋𝑋𝑡𝑡)

(b) Heterogenous DG:
𝑃𝑃(𝑋𝑋𝑠𝑠) ≠ 𝑃𝑃(𝑋𝑋𝑡𝑡) and 𝑃𝑃 𝑌𝑌𝑠𝑠 𝑋𝑋𝑠𝑠 ≠ 𝑃𝑃(𝑌𝑌𝑡𝑡|𝑋𝑋𝑡𝑡)

(c) Evolving environment with covariate shift only:
𝑃𝑃(𝑋𝑋𝑡𝑡−1) ≠ 𝑃𝑃(𝑋𝑋𝑡𝑡) and 𝑃𝑃 𝑌𝑌𝑡𝑡−1 𝑋𝑋𝑡𝑡−1 = 𝑃𝑃(𝑌𝑌𝑡𝑡|𝑋𝑋𝑡𝑡)

(d) Evolving domain generalization (our focus):
𝑃𝑃(𝑋𝑋𝑡𝑡−1) ≠ 𝑃𝑃(𝑋𝑋𝑡𝑡) and 𝑃𝑃 𝑌𝑌𝑡𝑡−1 𝑋𝑋𝑡𝑡−1 ≠ 𝑃𝑃(𝑌𝑌𝑡𝑡|𝑋𝑋𝑡𝑡)
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Methodology

 Latent Structure-aware Sequence AutoEncoder (LSSAE)
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Methodology

Defining latent codes 

 Latent Structure-aware Sequence AutoEncoder (LSSAE)

5



Methodology

𝒛𝒛𝑐𝑐 : static domain-invariant category information from 𝑋𝑋
Defining latent codes 

 Latent Structure-aware Sequence AutoEncoder (LSSAE)
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Methodology

𝒛𝒛𝑐𝑐 : static domain-invariant category information from 𝑋𝑋

𝒛𝒛1:𝑇𝑇
𝑤𝑤 : dynamic domain-specific information from 𝑋𝑋Defining latent codes 

 Latent Structure-aware Sequence AutoEncoder (LSSAE)
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Methodology

𝒛𝒛𝑐𝑐 : static domain-invariant category information from 𝑋𝑋

𝒛𝒛1:𝑇𝑇
𝑤𝑤 : dynamic domain-specific information from 𝑋𝑋

𝒛𝒛1:𝑇𝑇
𝑣𝑣 : dynamic domain-specific category information from 𝑌𝑌

Defining latent codes 

 Latent Structure-aware Sequence AutoEncoder (LSSAE)
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Methodology

(1) Prior distributions:

𝑝𝑝 𝒛𝒛𝑐𝑐 = 𝒩𝒩(𝟎𝟎,𝟏𝟏)a fixed Gaussian distribution

𝑝𝑝 𝒛𝒛𝑡𝑡𝑤𝑤 = 𝑝𝑝 𝒛𝒛𝑡𝑡𝑤𝑤|𝒛𝒛<𝑡𝑡𝑤𝑤dynamic Gaussian distribution

𝑝𝑝 𝒛𝒛𝑡𝑡𝑣𝑣 = 𝑝𝑝 𝒛𝒛𝑡𝑡𝑣𝑣|𝒛𝒛<𝑡𝑡𝑣𝑣dynamic Categorical distribution

 Probabilistic Generative model of LSSAE
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Methodology

(3) Evidence lower bound (ELBO) for optimization:
log 𝑝𝑝(𝐱𝐱1:𝑇𝑇 ,𝒚𝒚1:𝑇𝑇) ≥ ∑𝑡𝑡=1𝑇𝑇 𝔼𝔼𝑞𝑞(𝒛𝒛𝑐𝑐,𝒛𝒛𝑡𝑡

𝑤𝑤,𝒛𝒛𝑡𝑡
𝑣𝑣|𝐱𝐱𝑡𝑡,𝒚𝒚𝑡𝑡) log𝑝𝑝(𝐱𝐱𝑡𝑡|𝒛𝒛𝑐𝑐 , 𝒛𝒛𝑡𝑡𝑤𝑤)𝑝𝑝(𝒚𝒚𝑡𝑡|𝒛𝒛𝑐𝑐 , 𝒛𝒛𝑡𝑡𝑣𝑣) − 𝜆𝜆1𝔻𝔻𝐾𝐾𝐾𝐾 𝑞𝑞 𝒛𝒛𝑐𝑐 𝐱𝐱1:𝑇𝑇 , 𝑝𝑝 𝒛𝒛𝑐𝑐

−𝜆𝜆2𝔻𝔻𝐾𝐾𝐾𝐾 𝑞𝑞 𝒛𝒛𝑡𝑡𝑤𝑤 𝒛𝒛<𝑡𝑡𝑤𝑤 , 𝐱𝐱𝑡𝑡 ,𝑝𝑝 𝒛𝒛𝑡𝑡𝑤𝑤 𝒛𝒛<𝑡𝑡𝑤𝑤 − 𝜆𝜆3𝔻𝔻𝐾𝐾𝐾𝐾 𝑞𝑞 𝒛𝒛𝑡𝑡𝑣𝑣 𝒛𝒛<𝑡𝑡𝑣𝑣 ,𝐱𝐱𝑡𝑡 , 𝑝𝑝 𝒛𝒛𝑡𝑡𝑣𝑣 𝒛𝒛<𝑡𝑡𝑣𝑣

(2) Posterior distributions:(1) Prior distributions:

𝑝𝑝 𝒛𝒛𝑐𝑐 = 𝒩𝒩(𝟎𝟎,𝟏𝟏)a fixed Gaussian distribution

𝑝𝑝 𝒛𝒛𝑡𝑡𝑤𝑤 = 𝑝𝑝 𝒛𝒛𝑡𝑡𝑤𝑤|𝒛𝒛<𝑡𝑡𝑤𝑤dynamic Gaussian distribution

𝑝𝑝 𝒛𝒛𝑡𝑡𝑣𝑣 = 𝑝𝑝 𝒛𝒛𝑡𝑡𝑣𝑣|𝒛𝒛<𝑡𝑡𝑣𝑣dynamic Categorical distribution

𝑞𝑞 𝒛𝒛𝑡𝑡𝑤𝑤|𝒛𝒛<𝑡𝑡𝑤𝑤 ,𝐱𝐱𝑡𝑡

𝑞𝑞 𝒛𝒛𝑡𝑡𝑣𝑣|𝒛𝒛<𝑡𝑡𝑣𝑣 ,𝒚𝒚𝑡𝑡

𝑞𝑞 𝒛𝒛𝑐𝑐|𝐱𝐱1:𝑇𝑇
Align with 𝔻𝔻𝐾𝐾𝐾𝐾

Align with 𝔻𝔻𝐾𝐾𝐾𝐾

Align with 𝔻𝔻𝐾𝐾𝐾𝐾

 Probabilistic Generative model of LSSAE
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Experimental Results

 Classification results on two toy datasets
 Generation performance on RMNIST

1. Better generalization ability 
than ERM
2. More suitable for gradual
concept shift rather than abrupt
concept shift
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Experimental Results

 Classification results on two toy datasets
 Generation performance on RMNIST

LSSAE shows an ability of generating
future unseen domains (sequence 
data generation, augmentation)

8



Thanks for Your Attention!

Contact Information:
 Tiexin Qin: tiexinqin@gmail.com
 Shiqi Wang: shiqwang@cityu.edu.hk
 Haoliang Li: haoliang.li1991@gmail.com
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