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PROBLEM: DOMAIN ADAPTATION

Given
e Input space X (e.g. images)
e Label space ) (e.g. object categories)

e Source domain Dg (e.g. images captured by webcam) as dis-
tribution over X x Y

o Target domain Dt (e.g. images from website) as distribution
over X X )

BENCHMARK RESULTS

Setup

o All results are obtained with default parametrization K = 5
(moment order) and A = 1 (objective weighting)

Object Recognition

e Office dataset with three domains (amazon, webcam, dslr)
and 31 classes (bike, monitor, etc.)

e Average performance improvement of 3.2% compared to pre-
vious state-of-the-art (Adaptive Batch Normalization)
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Sentiment Analysis of Product Reviews

e Amazon Reviews binary classification dataset with four do-
mains (books, electronics, kitchen, dvds) and bag of words
text representations
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Goal

e Build a classifier f : X — ) with a low target risk Rp(f) =

( I)’rD (f(x) # y) while no information about the labels in
r,y)~L’r

Dt 18 given.

“This will very likely become
"the textbook" of choice for “Calling them “medium duty"
graduate level neural network would still be a stretch. Fine
classes looking for a broad | for a piece of soft cake,
mathematical foundation.” worthless for scooping.”
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ROACH: THE PROBABILITY METRIC

We define the Central Moment Discrepancy (CMD) between two
probability distributions p and v, of two random vectors X and Y
on [0, 1]V, by

CMDy (11, v) = [[E(X) —EY)|ly + ¥ fler(X) = cx(Y)],

with the expectation E(X) and the central moment vector cx(X) of
order &,
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SENSITIVITY ANALYSIS

Accuracy sensitivity w.r.t. parameter changes compared to Maxi-
mum Mean Discrepancy (MMD) with Gaussian kernel
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METHOD: DISTRIBUTION MATCHING

Minimization of discrepancy between domain-specific hidden acti-
vations A, (0, Xg) and Ag, (0, X7)
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PROPERTIES OF CMD

Empirical Estimation
o Consistent estimator by means of empirical expectation
e Computation time O(n) when cross-moments are neglected,

1.e.
1 1 k
w(X) = D (o= 5y 2 @)

re X reX

o Strictly decreasing upper bound for marginal moment terms
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Probability Metric

e Metric for random variables supported on [0, 1]

CMDy(u,v) =0 & X =Y
e Minimization implies convergence in distribution

CMDy (fin, 1) = 0 = X, S X

CONTACT

Werner Zellinger
Department of Knowledge-Based Mathematical Systems, JKU Linz

Web http: /flll.jku.at/staff /wernerz
Email werner.zellinger@jku.at

The research reported on this poster has been supported by the Austrian Ministry for Transport, Innovation and Technology, the Federal
Ministry of Science, Research and Economy, and the Province of Upper Austria in the frame of the COMET center SCCH. We would
like to thank Bernhard Moser and Florian Sobieczky for fruitful discussions on metric spaces.



