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< Domain Adversarial Training of Neural Networks (DANN)[3]
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Domain Adaptation

Domain-Adversarial Training of Neural Networks
Source Domain

Abstract

We introeduce a new representation learning approach for domain adaptation, in which
data at training and test time come [rom similar but different distributions. Our approach
iz directly inspired by the theory on domain adaptation suggesting that, for effective do-
main transfer to be achieved. predictions must be made based on features that cannot
diseriminate between the training (source) and test (target) domains.

The approach implements this idea in the context of neural network architectures that
are trained on labeled data from the souree domain and unlabeled data from the target do-
main (no labeled target-domain data is necessary). As the training progresses, the approach
promotes the emergence of features that are (i) discriminative for the main learning task
on the souree domain and (i) indiseriminate with respect to the shift between the domains.
We show that this adaptation behaviour can be achieved in almost any feed-forward model
by augmenting it with few standard lavers and a new gradien! reversal laver. The resulting
augmented architecture can be trained using standard backpropagation and stochastic gra-

dient descent, and can thus be implemented with little effort using any of the deep learning :5
¥ {6\

packages,
We demonstrate the suecess of our approach for two distinet classification problems

(document sentiment analysis and image classification), where state-of-the-art domain (unlabeled or few |abe|ed)
adaptation performance on standard benchmarks is achieved. We also validate the ap- !

proach for deseriptor learning task in the context of person re-identification application.
Keywords: domain adaptation, neural network, representation learning, deep learning,

synthetic data, image classification, sentiment analyzis, person re-identification
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% Correlation-aware Adversarial Domain Adaptation and Generalization[5]
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ARTICLE INFO ABSTRACT +

Article history: Domain adaptation (DA) and domain generalization (DG) have emerged as a solution to the domain shift

Received 30 November 2018 problem where the distribution of the source and target data is different. The task of DG is more challeng-

ii:;s:lidzilolc\l‘:vt:\;:rlgzu15 ing than DA as the target data is totally unseen during the training phase in DG scenarios. The current

Avaitable online 28 November 2019 state-of-the-art employs adversarial techniques, however, these are rarely considered for the DG prob- 2
lem. Furthermore, these approaches do not consider correlation alignment which has been proven highly _B [— C — C

Keywords: beneficial for minimizing domain discrepancy. In this paper, we propose a correlation-aware adversarial CORAL — 2 | | S T P

Domain adaptation DA and DG framework where the features of the source and target data are minimized using correla- 4,d

Eﬂmaliﬂ gﬂlelmlizaliﬂﬂ tion alignment along with adversarial learning. Incorporating the correlation alignment module along 9

orelation-alignment with adversarial learning helps to achieve a more domain agnostic model due to the improved abilit her " . ” eno matri enius norm

Adversarial leamning to reduce domain discnegpanc: with unlabeled target data m;g:e effectively. Experiments a‘; henchmar{ W, e F d tes the Sqaured X FrOb us
datasets serve as evidence that our proposed methed yields improved state-of-the-art performance.
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Domain Generalization Using a Mixture of Multiple Latent Domains
Toshihiko Matsuura,' Tatsuya Harada'>
"The University of Tokyo, “RIKEN
{matsuura, harada} @mi.t.u-tokyo.ac.jp
Conventional Domain generalization using a

domain generalization ™ mixture of multiple latent domains ]

Abstract Comention Do seneralzation ssing Multiple source domains Mixture of multiple latent domains
[ domain generalization — | mixture of multiple blent domains
When domains, which represent underlying data distribu- Mulnpll. source Ilﬁm.um: Mixture of multiple latent domans
tions, vary during training and testing processes, deep neural B

networks suffer a drop in their performance. Domain gener-
alization allows improvements in the generalization perfor-
mance for unseen target domains by using multiple source 1‘1'0‘“ ; A . Qku-h
domains. Conventional methods assume that the domain to

which each sample belongs is known in training. However,

many datasets, such as those collected via web crawling, con- - ketch

tain a mixture of multiple latent domains, in which the do- Unsewn fargel & Sketc

main of each sample is unknown. This paper introduces do-

main generalization using a mixture of multiple latent do-

mains as a novel and more realistic scenario, where we try
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iteratively divides samples into Jalm': dgomm via cluster- main generalization using a mixture of multiple latent do-

ing. and which irains the domain-invariant feature extrac- mains aims to train a domain-generalized model without do- @ @

tor shared among the divided latent domains via adversarial main labels (e.g., Photo, Art, Sketch). which represent the 1 1
learning. We assume that the latent domain of images is re- domain to which each sample belongs. Unseen target domain Unseen target domain
flected in their style, and thus, utilize style features for clus- .

tering. By using these features, our proposed method suc- o - . g (} >

cessfully discovers latent domains and achieves domain gen- domains. Considering the situation where a DNN is used for I ¢

eralization even if the domain labels are not given. Experi- autonomous driving or robots in the real world, it is desir- x.A :

ments show that our proposed method can train a domain- able to perform well under different conditions (e.g.. illu-

generalized model without using domain labels. Moreover, mination, types of objects) from the data given in training.

it outperforms conventional domain generalization methods,

. . . ; Because we can access no samples in the target domain, do-
including those that utilize domain labels. P & y
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4.1 Different Style Representations [10]
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Figure 1: Style reconstructions of different methods in five layers,
respectively. Each row corresponds to one method and the recon-
struction results are obtained by only using the style loss Ly with
a = 0. We also reconstruct different style representations in differ-
ent subsets of layers of VGG network. For example, layer 3 con-
tains the style loss of the first 3 layers (w1 = w2 = w3 = 1.0 and
Wy = W5 = 00)
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Machine learning moc!els typically suffer from the domain 1 1 1 BETTE
shift problem when trained on a source dataset and evaluated — . Classifier Unknown
on a target dataset of different distribution. To overcome this 1 T T Classifigr 15 S2me bl | ‘{
problem, domain generalisation (DG) methods aim to lever- Domain Translormation Netwark i
age data from multiple source domains so that a trained model ! l Domain L
can generalise to unseen domains. In this paper, we propose a i —
novel DG approach based on Deep Domain-Adversarial Im- /
age Generation (DDAIG). Specifically, DDAIG consists of = i . . . .
;i':rezn(éo;ncf::;?:{r:sgzgnE:ln1221;5;1?33??03%3;?;i Figure 1: Given multiple source domains, e.g. Cartoon, Photo and F gure 1: Given multlple source domalns, c.g. CﬂrtOOn, Photo and
N . i N L. - Sketch, we learn a domain transformation network (DoTNet) to : :
for DTN i Lo map the s raning i 10 urscen - transform images to unseen domains, which maintain the class [a. Sketch, we learn a domain transformation network (DoTNet) to
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By augmenting the source training data with the generated to an unseen target domain, e.g. Art. bels but change domain-related properties. Both original and trans
unseen domain data, we can make the label classifier more ‘ ‘ formed images are used to train a label classifier, which is applied
robust to unknown domain changes. Extensive experiments get data and perform supervised model fine-tuning. How- .
on four DG datasets demonstrate the effectiveness of our ap- ever, large-scale data collection and annotation for every to an unseen target domaln, c.g. Art.
proach. new target domain is prohibitively expensive and time-
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Figure 1: Given multiple source domains, e.g. Cartoon, Photo and
Sketch, we learn a domain transformation network (DoTNet) to
transform images to unseen domains, which maintain the class la-
bels but change domain-related properties. Both original and trans-
formed images are used to train a label classifier, which is applied
to an unseen target domain, e.g. Art.
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Figure 2: Overview of our framework. A domain transformation network T} is trained by minimising the label classification loss JiL

while maximising the domain classification loss Jp on the transformed data . The label classifier f, is learned by minimising the label
classification loss given both original and transformed data. The domain classifier h, is trained to classify each instance into one of source
domains. The red dashed arrows represent the gradient flow.
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Abstract. This paper focuses on domain generalization (DG). the task
of learning from multiple source domains a model that generalizes well
to unseen domains. A main challenge for DG is that the available source
domains often exhibit limited diversity, hampering the model’s ability
to learn to generalize. We therefore employ a data generator to synthe-

size data from pseudo-novel domains to augment the source domains. Fig. 1. Motivation of our approach. We improve generalization by increasing the diver-
This explicitly increases the diversity of available training domains and sity of training domains by learning a generator network G to map images of a source
leads to a more generalizable model. To train the generator, we model distribution, e.g., Punist, to a novel distribution, i.e. G(Punist). We then combine
the distribution divergence between source and synthesized pseudo-novel both source and novel domains for model learning.

domains using optimal transport, and maximize the divergence. To en-

sure that s tics are preserved in the synthesized data, we furthe " H T M H H
sure that semankics are preserved tn the synthesized data, we further Increasing the diversity of available source domains
impose cycle-consistency and classification losses on the generator. Our . . . "

method, L2A-OT (Learning to Augment by Optimal Transport) outper- (to |mprove mOdeI generahzatlon)

forms current state-of-the-art DG methods on four benchmark datasets.
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Fig. 1. Motivation of our approach. We improve generalization by increasing the diver-
sity of training domains by learning a generator network G to map images of a source

distribution, e.g., PynisT, to a novel distribution, i.e. G(Punist). We then combine
both source and novel domains for model learning.
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