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Semi-supervised Domain Adaptation via Minimax Entropy

Kuniaki Saito!, Donghyun Kim', Stan Sclaroff’, Trevor Darrell? and Kate Saenko’
'Boston University, *University of California, Berkeley
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Abstract

Contemporary domain adaptation methods are very ef-

fective at aligning feature distributions of source and tar-

get domains without any targer supervision. However,
we show that these technigues perform poorly when even
a few labeled examples are available in the target do-
main. To address this semi-supervised domain adapia-
tion (SSDA) setting, we propose a novel Minimax Entropy
(MME]) approach that adversarially optimizes an adaptive

few-shor model.  Our base model consists of a feature

encading network, followed by a classification laver that
computes the features' similarity to estimated prototypes
(representatives of each class).  Adaptation is achieved
by alternately maximizing the conditional entropy of un-
labeled rarger data with respect to the classifier and min-
imizing it with respect to the feature encoder. We em-
pirically demonstrate the superiority of our method over
many baselines, including conventional feature alignment
and few-shot methods, setting a new state of the art for
SSDA. Our code is available at http: //cs-people.
bu.edu/keisaito/research/MME. html.
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Figure 1: We address the task of semi-supervised domain adapta-
tion. Top: Existing domain-classifier based methods align source
and target distributions but can fail by generating ambiguous fea-
tures near the task decision boundary. Bottom: Our method esti-
mates a representative point of each class (prototype) and extracts
discriminative features using a novel minimax entropy technique.
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ADAMATCH: A UNIFIED APPROACH TO SEMI-
SUPERVISED LEARNING AND DOMAIN ADAPTATION

David Berthelot’*, Rebecca Roelofs*, Kihyuk Sohn', Nicholas Carlini’, Alex Kurakin'
T Google Research

ABSTRACT

We extend semi-supervised learning to the problem of domain adaptation to learn
significantly higher-accuracy models that train on one data distribution and test
on a different one. With the goal of generality, we introduce AdaMatch, a unified
solution for unsupervised domain adaptation (UDA), semi-supervised learning
(SSL). and semi-supervised domain adaptation (SSDA). In an extensive experi-
mental study, we compare its behavior with respective state-of-the-art techniques
from SSL, SSDA, and UDA and find that AdaMatch either matches or significantly
exceeds the state-of-the-art in each case using the same hyper-parameters regard-
less of the dataset or task. For example., AdaMatch nearly doubles the accuracy
compared to that of the prior state-of-the-art on the UDA task for DomainNet and
even exceeds the accuracy of the prior state-of-the-art obtained with pre-training
by 6.4% when AdaMatch is trained completely from scratch. Furthermore, by
providing AdaMatch with just one labeled example per class from the target domain
(i.e., the SSDA setting), we increase the target accuracy by an additional 6.1%,. and
with 5 labeled examples, by 13.6%.!
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Attract, Perturb, and Explore: Learning a
Feature Alignment Network for Semi-supervised
Domain Adaptation

Tackyung Kim![0000-0001-7401-098X] 41,4 Changick Kim

Korea Advanced Institute of Science and Technology, Daejeon, South Korea
{tkkim93, changick}@kaist.ac.kr

Abstract. Although unsupervised domain adaptation methods have been
widely adopted across several computer vision tasks, it is more desirable
if we can exploit a few labeled data from new domains encountered in a
real application. The novel setting of the semi-supervised domain adapta-
tion (S5DA) problem shares the challenges with the domain adaptation
problem and the semi-supervised learning problem. However, a recent
study shows that conventional domain adaptation and semi-supervised
learning methods often result in less effective or negative transfer in
the SSDA problem. In order to interpret the observation and address
the SSDA problem, in this paper, we raise the intra-domain discrep-
ancy issue within the target domain, which has never been discussed so
far. Then, we demonstrate that addressing the intra-domain discrepancy
leads to the ultimate goal of the SSDA problem. We propose an SSDA
framework that aims to align features via alleviation of the intra-domain
discrepancy. Our framework mainly consists of three schemes, i.e., attrac-
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