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Motivation: Domain Generalization

Seen source domain(s) = 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.
Painting Photo Cartoon Requirement: No target samples available for model
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Motivation: Evolving Domain Environment

= Self-driven car system
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Methodology

= Latent Structure-aware Sequence AutoEncoder (LSSAE)

Bayesian rule:

©0—0)] ®—0| (0—0] P(X,Y) = P(X)P(Y|X)
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(@ © Distribution shift:
(1) Covariate shift
O©—0 @?%@ Q\Dﬁ@ P(XS) = P(XY)
O, / () / (2) Concept shift
(b)@ — “ Os P(YS|X%) = P(Y'|X")

Federici et al., “An Information-theoretic Approach to Distribution Shifts”, NeurlPS’19.
Lu et al., “Learning under Concept Drift: A Review”, TKDE'19.
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= Latent Structure-aware Sequence AutoEncoder (LSSAE)
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(a) Conventional DG with covariate shift only:
P(X5) # P(X%) and P(Y5|X5) = P(Y!|XY)



Methodology

= Latent Structure-aware Sequence AutoEncoder (LSSAE)

(a) Conventional DG with covariate shift only:

(@%@ | ©—@ - @%@1 P(X5) # P(X') and P(YS|XS) = P(Yt|X?)
\@ \ \@ (b) Heterogenous DG:
N v ‘ “ P(XS) # P(X%) and P(YS|X®) # P(Yt|X?)
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(d)

Li et al., “Feature-Critic Networks for Heterogeneous Domain Generalisation”, ICML19.



Methodology

Latent Structure-aware Sequence AutoEncoder (LSSAE)
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(d)

(a) Conventional DG with covariate shift only:
P(X5) # P(X%) and P(Y5|X5) = P(Y!|XY)

(b) Heterogenous DG:
P(X5) # P(X%) and P(Y5|X5) = P(Y!|XY)

(c) Evolving environment with covariate shift only:
P(X;—1) # P(X) and P(Y;_11X;—1) = P(Y¢lXy)
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= Latent Structure-aware Sequence AutoEncoder (LSSAE)

(a) Conventional DG with covariate shift only:

(@%@ | ©—@ - @%@1 P(X5) # P(X') and P(YS|XS) = P(Yt|X?)
\ \
(w) \ (w)— - (b) Heterogenous DG:

v e | P(X®) # P(X%) and P(YS|X5) = P(Yt|X®)
O— E @%@ ’ ‘ @%@ i (c) Evolving environment with covariate shift only:
O i \ / \@ / i P(Xi-1) # P(X¢) and P(Y;_11|X;—1) = P(Y:1Xy)
0 i N h i (d) Evolving domain generalization (our focus):

__________________________________ P(Xi-1) # P(Xy) and P(Yi_11X;—1) # P(Y:|X,)
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(d) Probabilisitic Generative Model of (d)
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(d) Probabilisitic Generative Model of (d)

Defining latent codes w===p



Methodology

= Latent Structure-aware Sequence AutoEncoder (LSSAE)
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——— z° : static domain-invariant category information from X

Defining latent codes w===p
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= Latent Structure-aware Sequence AutoEncoder (LSSAE)
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Defining latent codes w==p>

babilisitic Generative Model of (d)

» z© : static domain-invariant category information from X

—— zr: dynamic domain-specific information from X
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= Latent Structure-aware Sequence AutoEncoder (LSSAE)
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Defining latent codes w===p

babl

lisitic Generative Model of (d)
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z° : static domain-invariant category information from X
z¥r: dynamic domain-specific information from X

z7.r : dynamic domain-specific category information from Y



Methodology

Probabilistic Generative model of LSSAE
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(d) Probabilisitic Generative Model of (d)

(1) Prior distributions:

a fixed Gaussian distribution p(z¢) =N(0,1)
dynamic Gaussian distribution p(z¥) = p(z¥|z¥%,)

dynamic Categorical distribution p(z¥) = p(2?|2%,)
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= Probabilistic Generative model of LSSAE
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(d) Probabilisitic Generative Model of (d)
(1) Prior distributions: (2) Posterior distributions:
Align with ID
a fixed Gaussian distribution p(z) = N(0,1) ~ e Kor q(2%|x1.7)
dynamic Gaussian distribution p(z¥) = p(z}|zY%,) <--A-“-g-9-\iv-|:[b-@ﬁ-> q(zl|z%;,x; )
: : o Align with Dg;
dynamic Categorical distribution p(z}) = p(2¥|2%,) <«-------------== > q(z¥|2%,, ;)

(3) Evidence lower bound (ELBO) for optimization:

log p(X1.7, Y1.7) = D=1 Eq(z¢2¥ 28 1%0v0) llogp(X¢12¢, 2 )p(¥¢12°, 2{)] — 11 Dgy, (Q(ZC|X1:T)» P(Zc))
—A; Dy (Q(ng|zv<vt» X¢), p(ZXVIZV!t)) — 43Dy, (CI(ZﬂZZtrXt); p(zlt7|ZZt))



Experimental Results
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(a) Data

Classification results on two toy datasets
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(b) Ground Truth
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(b) Ground Truth

(¢) ERM (d) LSSAE

1. Better generalization ability
than ERM

2. More suitable for gradual
concept shift rather than abrupt
concept shift



Experimental Results

= Generation performance on RMNIST

(a) random data sequences
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(b) reconstructions
59GG0O0ODNADNDRDDND T o o future unseen domains (sequence
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(d) generated sequences with fixed z}
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