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VWhy domain adaptation

N source
S A (craining)

® Traditional
supervised
learning:
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Outline

® Problem: domain adaptation from (X%, y*) to xte

® Possible causal models for domain adaptation &
solutions

® TJarget shift
® | ocation-scale conditional shift

® |ocation-scale generalized target shift (target +
conditional shift)



Possible situations for domain
adaptation:When X—Y

= = = true function f(x)

covariate shift ) training data
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Possible situations for domain

adaptation:YVWhen Y= X
Y 0123730547

® Y is usually the cause of X -
(especially for classification) 8 i?\[‘{ ggg%g \’;}5\

e Target shift (TarS) <
domaiD—>®—>®

e Conditional shift (ConS)
. helps
@ O

e Generalized target shift (GeTarS)
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Target shift Comain >V )(X)

o P #£ P, but P;fly = P2 y» and furthermore

e richness: the support of P’ is richer

e invertibility:only one Py TXIv  pie
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e find the learning machine on test domain by importance reweighting
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Kernel mean embedding

(Smola etal. 07; Gretton etal.07; Song etal.09)

Px has a unique embedding u[Px]| = Ex~py [¥(X)] for characteristic kernels.

Conditional embedding of Py |x is an operator from Fx to Gy: Uy | x = Cy XC;{E(;
Cyx and Cxx are uncentered cross- and auto-covariance operators.

ulPx| =Uxy - p[Py].
Uxiy = B(L+\)"1®7.

Feature map: ¥(z;) = k(z;,)
v = [’(,&(121), --‘,T."')(xm)],
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Feature map: ¢(y;) = l(y;,")
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Correcting TarS by reweighting target to

match covariate with KMM

how to ﬁn(}
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B*(y) = P&

® i.e., minimizing
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® QP problem: unique solution to B!
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B(y) can be estimated by
matching P2¢¥ with P : —)
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® reparameterization such that B is a function of & smooth in y: still
a QP problem




Correction for TarS: An illustration

! i

Training data
Test dat

= \ predicted by target shift
| = = my by unweighted KRR
= =y fitted on test data (oracle)
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Conditional shift
@ O

5 T P;fly + P;é’"ly, possible to determine Pf,el h

® In general, not possible: marginal P¥ do not contain enough
information to determine Py’y (or Py y)

® Change in Px |y must be constrained



Location-scale conditional shift

@OmaZT'IS ®+ contours of PXIY (solid;

training domain, dashed: test
g

domain)
Z2
® For each y,domain could change the scale
and mean of each feature
® does not change the dependence structure
between features
® Assumption AtenS: > 1

J w and b, such that PR{y = Py,
where X™% = w(Y?*") o X" + b(Y"")

® Canwefindwandb?



Identifiability & solution @@ >@®

P}t,'r'- . p}tfe
| new"‘ "'Pte
[Xne'w = W(yt'r‘) o Xtr +b(yt'r) XIY'V | 4 AR

Py Py

= §T$ is theoretically identifiable under mild conditions (c.f.Theo 2)

® Necessary condition: P}g’ly(ﬂy?;), i =1,...,C,are linearly
independent after any LS transformation)

® Estimation: SCG for optimization
2 5
by minimizing ||A[PE] - AIPE] || = |[A[PEIAlPY] — AlPE]
such that PRty = Py, with X" = w(Y™) - X" + b(Y*")
® regularization to prefer little change in the conditional
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LS generalized target shift

Pgew = /B( )Pt'r P}t/e

'Dte
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® LS-GeTarS: target-shift + location-scale conditional shift

e Py and Py can be uniquely recovered under mild conditions

(c.f. Theo 3)

e Solution: min.||a[Ppev] — a[Pie] —||u[p;7;e]”[pnew] alPe||

| = mBTOKQTS - (1K B

® alternate between optimizing B (for TarS) and optimizing w
and b (for Con)




To find the learning machine under LS-
GeTarS

® With sample transformation + importance reweighting

Xne'w = 'T(Xt'r‘,Yt'r‘) satisfies P}}T"; — ngly
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Simulation |: Regression under

TarS
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Simulation 2: Classification under

TarS
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Simulation 3: Classification under

LS-GeTarS
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Regression under TarS: Real data

Cause-effect
pair 68

X: # bytes sent
by a computer
and

Y:# open http

connections at
the same time

e

TarS greatly
improves the
prediction

performance
forY

Time series of X andY and their joint distribution

Always for training X One for testing; —_— : 4
duve to large values |- — —vy the others included for training
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Prediction performance (MSE) on test data
Test set | Unweight. | CovS | CovS (¢ =0.5) | TarS TarS (g=0.5)
1 0.3789 0.3844 | 0.3802 03310 | 0.3229
2 0.0969 0.1126 | 0.1071 0.0937 | 0.0887
3 0.0578 0.0673 | 0.0659 0.0466v 0.0489
4 0.2054 0.2126 | 0.2136 0.2008 | 0.1630 V




Remote sensing image classification

Misclassification rates by different methods

. 125«0 domains (area 1 & area

® 14 classes

Number of patterns

Class Area 1 Area 2

TR, TS5, | TRy T8o
Water 69 57 213 &7
Hippo grass 81 81 83 18
Floodplain grassesl | 83 75 199 52
Floodplain grasses2 | 74 91 169 46
Reedsl 80 88 219 50
Riparian 102 109 | 221 48
Firescar2 93 83 215 44
Island interior 77 77 166 37
Acacia woodlands 84 67 253 61
Acacia shrublands 101 89 202 46
Acacia grasslands 184 174 | 243 62
Short mopane 68 85 154 27
Mixed mopane 105 128 | 203 65
Exposed soil 41 48 81 14
Total 1242 1252 | 2621 627

Problem Unweight | CovS TarS LS-GeTarS
TR, — TS, | 20.73% | 20.73% | 20.41% | 11.96%
TR, —TS; | 26.36% | 25.32% | 26.28% | 13.56%

# correctly classified points for each class
B .nweighted
0 [covs
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# corected classified points
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Summary

Different causal models underlying
covariate shift, target shift, conditional
shift, and generalized target shift

efficiently solved with kernel mean
embedding

Nothing comes from nothing:What to
transfer ?

® Background causal info. helps




