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Abstract

Domain Adaptation

Methods & Results

We consider bi-directional optimal transport (OT)
to transfer label information from the training
data to the test data. Our proposed method
enables the use of extra teatures of test data for
better prediction.

In supervised learning, the accuracy of predictions degrades
when the distributions of the training and test data are different.
Domain adaptation aims at learning a model from training data
that well performs on the test data.

Problem Setup

We consider the case where new features are observed for test
data; hence, the distribution of training and test data have
different dimensionalities. We also assume the labels are given
only for the training data (unsupervised domain adaptation).
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Problem

e« Common variables are
observed in both the

source and target domains

e Distribution of common
variables may difter
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Experimental results show that the proposed
method successfully estimate the good decision
boundary using extra features.
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Our proposed method successfully learned a good prediction
model in the target domain that uses extra features

Incorrectly transported labels are modified iteratively

» Extra variables are observed ~—_ A - |
in the target domain pseudo-label § = /{1, 3) 5 >
8 1.0 ]
Joint Distribution Optimal Transport (JDOT) 8" |
T =argmin,  r - +eTI(Ds. D) Ny i Tij€aij (1)
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* Minimize the sum of transportation cost P — Experiment with Realistic Dataset
* Use distance between variable and L e — . .
label discrepancy as transportation cost ) "?L\*’J?:' ) * Gas Sensor Array Drift Dataset[2] is usec
(Joint Distribution OptlmaITransport 1) *\\-> (@M « Binary classification of the types of gasses
Eayij = allx; — x5 + Lysin 9oy = f(2g;)) | = \\\\3 . * Original data is timeseries of sensor values and transient
+  Use the output of the model f as a — ' features are extracted from original data
pseudo-label of the target label So G5 a0 @ s B wo * Each domain has different degree of deterioration,
* Train the model using the transported source labels which results in domain shitt

Proposed Method » Comparison with baseline (no domain adaptation) ana

1. Transfer the target extra teatures to the source domain prior works [1, 3, 4]

ga,ij _ @Ha?gz' _ ng‘ 3 4 C(ysi, f(ajgjv ng)) (2) domains Baseline nizgga CCA DSFT Proposed Jilge(;'lr
2. Transtfer the source labels to the target domain -2  83.33 7771 6687 4297 7831 | 83.73
Eaij = all|lz; — xfl3 + 125 — xf113) + L(ysi, £, ;) D4 oia 0 s o430 &Tss | 508
21 5213 7926 5691 6277  84.04 | 85.64
+ Assumption Ps(z"|z",y) = Pr(@[T(2",y)) I Nm i Be i mar |
« The distribution of extra features given common features is 351 5106 9202 9255 6649  94.15 | 95.74
identical for each class before and after OT g: Z gi:gg %‘23 gg:g; ig:‘?g ?jgf Sgﬁgi
* There always exists the destination of OT whose transportation cost j: ; Zggg ??:gg gg;gg g;;gg ?i;?} igzgg
of extra variables is zero 43 92.98 8281  57.31 4269  82.57 82.57

» The above bi-directional OT is reduced to the Conclusion

unidirectional OT from the source to the target domain

* Domain adaptation method to use the extra variables
given for the target domain is proposed

Algorithm
« Bi-directional OT for domain adaptation is reduced to

Repeat the following two steps until the stopping criterion is met

Solve the joint distribution OT problem Eq. (1), and transport the ur;idigectiona\ OTeu ndercthe assumption
the source label information to the target domain Ps(x|z,y) = Pr(z®|T(x%y))
»  Atthe initial iteration, the distance between features is used as « Upper-bound on the target error is provided for the

: C c |2 .
transportation cost  Ea,ij = a|Tg; — x5 proposed algorithm
* Label discrepancy is added to the cost func’uon after the initial
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