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Abstract

Modern machine learning systems need to handle complex high-dimensional data such as natural images,
motion pictures, speeches, dialog texts, and hand-written cursive drawings to name a few originated from
multiple sources. Generating, manipulating, and learning from multiple homogeneous high-dimensional
data sources are impact capacities of intelligent systems that have a mixed varieties of applications in
reality. Appropriate generating methods using multiple homogeneous high-dimensional data sources al-
low us to interpolate over structural manifolds inside data and generating data that follow constraints.
Comparing to the standard setting of generative model wherein it requires generating data examples
mimicking a single data source, this generating task is more challenging given the fact that multiple
source data in high-dimensional space tend to be located in a great deal of data modes/structural mani-
folds carried in data. Another way to exploit multiple data sources is to learn common or source-invariant
features that can be transferred to another independent data source. This setting is known as single source
or multiple source domain adaptation. This research aims to propose efficient and effective methods en-
abling us to either generating data followed the constraints specified by multiple data sources or learning
from multiple sources in a transfer learning scenario.

1 Publication Outcomes

These results have been documented in 5 research papers accepted for publication at the top-notch con-
ferences in machine learning and artificial intelligence including IJCAI2019, ICML2020, IJCAI2021,
UAI2021, and ICCV2021. In what follows, we provide the details of publications and briefly summarize
each publication.
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1. Trung Le, Quan Hoang, Hung Vu, Tu Dinh Nguyen, Hung Bui, and Dinh Phung. "Learning gen-
erative adversarial networks from multiple data sources." In Proceedings of the International Joint
Conference on Artificial Intelligence (IJCAI), pp. 2823-2829. 2019.

- This work proposes a novel deep generative model allowing us to generate data which are con-
strained to follow some characteristics of some data sources and avoid some characteristics of
other data sources.

2. Hoang Quan, Trung Le, and Dinh Phung. "Parameterized Rate-Distortion Stochastic Encoder."
In International Conference on Machine Learning, pp. 4293-4303. PMLR, 2020.
- This work proposes a Parameterized Rate-Distortion Stochastic Encoder developed based on the
rate distortion and information-bottleneck theories.

3. Tuan Nguyen, Trung Le, He Zhao, Hung Quan Tran, Truyen Nguyen, and Dinh Phung. "Tidot: A
teacher imitation learning approach for domain adaptation with optimal transport.” In Proceedings
of the International Joint Conference on Artificial Intelligence (IJCAI), 2021.

- This work develops a novel optimal transport based imitation learning mechanism that can be
applied successfully to single source transfer learning to earn state-of-the-art performance.

4. Tuan Nguyen, Trung Le, He Zhao, Quan Hung Tran, Truyen Nguyen, and Dinh Phung. "Most:
Multi-source domain adaptation via optimal transport for student-teacher learning." In Proceedings
of the Conference on Uncertainty in Artificial Intelligence (UAI), 2021.
- This work develops a novel optimal transport based imitation learning mechanism that can be
applied successfully to multiple source transfer learning to earn state-of-the-art performance.

5. Van-Anh Nguyen, Tuan Nguyen, Trung Le, Quan Hung Tran, Dinh Phung. “STEM: An Ap-
proach to Multi-Source Domain Adaptation With Guarantees ". In Proceedings of the IEEE/CVF
International Conference on Computer Vision (ICCV), 2021.

- This work develops a teacher-student framework with theoretical guarantees which obtains state-
of-the-art performance in multiple source transfer learning.
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cluding Dr Quan Hung Tran at Adobe Research and Dr Truyen Nguyen at University of Akron. We
really enjoy the journey of this research and the fruitful outcome from this research opens doors for our
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which involve and engage our PostDoc and PhD students including Dr He Zhao (a PostDoc), Dr Hung
Vu (a graduated PhD student), Mr Hoang Quan (a PhD student), and Mr Tuan Nguyen (a PhD student).

3 Learning Generative Adversarial Networks from Multiple Data Sources

3.1 Introduction

Modern machine learning systems need to deal with complex high-dimensional objects such as natural
images, motion pictures, speeches, dialog texts and hand-written cursive drawings to name a few. Recent
deep generative models, in particular Generative Adversarial Networks (GANs) [28] have quickly be-
come a building block for designing powerful models to work with such high-dimensional objects. The
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idea of GAN is to train a generator G(z) where z might come from any arbitrary distribution such that
the distribution Pg induced over the values of G(z) (s) as z varies is close to the true data distribution
Pyata- Once trained, generating a new sample is extremely efficient as one can simply draw z then feed
it through G(z) where G(z) is a deep neural network (NN). Despite its simplicity, GAN has shown an
enormous capacity in dealing with high-dimensional objects and has been enjoying remarkable success
from image, video generation [57], image-to-image translation [41] to name a few [27].

However, GAN comes with some important limitations. Central to its formulation [28]] is a mini-
max optimization problem whose Nash equilibrium point minimizes the Jensen-Shanon (JS) divergence
between Pyy, and Pg. This JS divergence might be viewed as a ‘pulling force’ to move generated sam-
ples toward data samples. Other variants of GAN have extended this mechanism to different divergences,
notably f-divergence family proposed in [69] which generalizes JS divergence via a variational bound
whose solution can be characterized tractably. Nonetheless, the ill-posedness of GAN minimax problem
and the nature of f-divergence pose the inherent mode collapsing problem where generated samples tend
to ‘collapse’ to a few modes, hence hindering the diversity of generating process [28, 27, 48]]. Over-
coming this problem has become one of the main research themes in GAN with reasonable success, but
still an open problem. Besides f-divergence, WGAN [2, 130, 14] employs the Wasserstein distance and
formulates the optimization through the Kantorovich duality, but has its own problems in training due to
the constraints encountered in the optimization formulation.

From a practicality viewpoint, while enjoying its research success, GAN is still limited in exploiting
data from multiple sources. One particular open and important problem is to extend its current setting to
move beyond a single data source to work with multiple data distributions, which currently receives very
little research attention. For example, one might generate realistic photos of the beach, but at the same
time purposely avoid generating images of a storm whose data collection are available for both beach
and storm scenes; or in abnormality detection where one not only has access to normal data, but also
partially abnormal data to train with. Real-world scenarios like these have abundant applications and are
open to explore. Our main contribution of this paper is to propose a novel approach, leveraging on the
success of GAN and recent techniques for this open problem.

Specifically, assume that there exists multiple data distribution with P be the primary and m other
auxiliary distributions Py, P, ..., B,. Our goal is to recover P via a generative distribution Q as close to
P as possible (i.e., the pull force), but at the same time, being as different from all other P;(s) as possible
(i.e., the push force). It is important to note that Q will not be estimated explicitly in a parametric
form, but instead a generator function G will be learned such that Q implicitly represents the induced
distribution for G(z) (s) where z comes from any arbitrary distribution. This can be then formulated as
an optimization problem as in Eq. (I)) under a generalized extension for f—divergence in the existence
of multiple data distributions. Subsequently, we extend the theoretical results in [69], showing that it
is still possible to obtain a tractable solutions for the Q’s generator, G, and efficient algorithms to train
G as well the discriminators. Our proposed model naturally subsumes and extends several important
existing variants of GAN, including the original GAN [28]], f-GAN [69], and D2GAN [66]]. In addition,
unlike GAN, the our discriminators at convergence point do not become uniform and redundant, but
carry specific meanings which can be exploited for various application uses.

Beside the model contribution, while potentially having a wider application scope, we choose to
apply and demonstrate our approach for two specific applications in this paper:

1. Improving GAN training by overcoming mode collapsing problem. Interestingly, we show that our
approach is flexible enough to be exploited to improve the training of GAN (with a single data
distribution), addressing the mode collapsing problem mentioned earlier. To do so, we train the
first generator G so that its induced distribution is close to Pyu, as usual. Gy is anticipated to cover
only some modes in Py, and known to suffer from the mode collapse problem. To subsequently
diversify the generated samples, we need the generator to explore uncovered modes from G. Using
the proposed approach, we then train the second generator G, which is to be as close to Pyua
as possible, but as different from G as possible. This process is repeated until the generators

cover sufficient number of modes, resulting in a sequence of generators {G1,G»,...,G}. At the
generation step, for each sample to be generated, we simply pick a random generator from this
3
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pool.

2. Generating samples with constraints. This is an on-going research problem which has been ad-
dressed under both supervised and unsupervised setting, notably conditional GAN [59] and Info-
GAN [7] respectively. Here we demonstrate that our approach naturally offers an unsupervised
solution for generating samples with constraints. Specifically, assume we have m data distributions
(supposed to belong to m classes, although we do not need know these class labels explicitly). The
goal is to generate samples for just one particular primary data class, and being as different from
remainder data classes as possible. For example, we have an unlabeled primary data source includ-
ing images of people with blond, black hairs and wish to generate only images with blond hair; we
can find another data source containing images of people with black hair and use it as an auxiliary
data source.

We conduct extensive experiments to demonstrate the merits of our simple yet very effective approach.
We used the CIFAR-10, STL-10, and ImageNet datasets and computed Frechet Inception Distance (FID)
[32]] to evaluate our solution to the mode collapsing problem against the baselines. The results show that
our approach achieves the best FID scores on these real-world datasets and can generate high-quality
images. Beyond addressing the mode collapsing problem, we further demonstrate that our framework is
capable of learning from negative examples, e.g., learning to generate faces with non-black hairs while
given example of faces with black hair.

3.2 Push and Pull GAN

We now describe how our P2GAN works. Recall that P2GAN maintains an existing set of generators that
are currently well occupying some data modes and the principle for sequentially adding a new generator
1s to encourage this generator seeking for new missing data modes in order to boost the diversity. Guided
by this principle, we propose using push forces to push the generated distribution Q of the new generator
away those of the previous generators, i.e. Py,...,P,, while using a pull force to pull the generated dis-
tribution Q towards the real data distribution P. We term our model Push-and-Pull GAN (P2GAN) and
explicitly characterize the pull and push forces as f-divergences. Intuitively, since the previous genera-
tors can well occupy some data modes and the new generator is encouraged to generate data samples that
mimic the true ones and diverge from the existing ones, this is expected to well explore and occupy some
additional missing data modes. In what follows, we present the formulation of P2GAN when adding a
new generator based on the existing ones, followed by some theoretical results enabling training P2GAN
and a concise discussion on how to generalize P2GAN for other applications, specifically generating
1mages with constraints.

3.2.1 P2GAN Formulation

Let fi(s) and ¢ be convex, lower semi-continuous functions. At each incremental round, our proposed
P2GAN solves the following optimization problem to find a new generator Q

m
max ¢ ) 0;Dy, (P||Q) — Dy (P||Q) (D
Q2 =1
where o, ..., @, > 0 are the push parameters and 2 is a suitable class of functions.

This formulation is natural as it is clear that the optimal solution Q* for Eq. 1s the closest to the
data distribution P while furthermost from Z; (s) in the f-divergence optimization sense. The parameter
¢; is a hyper-parameter to adjust how favorable we would like Q* is to be different from P; (s). Setting
ai,..., o0 to be small will favor Q* to be closer to P and vice Versaﬂ In its most general form, the
formulation allows us to use different kind of f-divergence for different pull and push forces. In our
experiments, we will simply use standard JS for all divergences.

"Note that we purposely do not specify a hyper-parameter for the pulling term —Dy (P||Q) as it is implicitly controlled via all oy
(s). However, in our discussion for a extended version of Eq. (I)) later in the supplementary material, such parameters will need to be
explicitly introduced.

4
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3.2.2 Training P2GAN

We now assume that the generative distribution Q is formed by a NN-based generator G and the source
of randomness z ~ P, (i.e., the noise distribution). Let S(x) be the primary discriminator specifying
a score for x to be more likely generated from the primary distribution P rather than the generative
distribution Q. Likewise, for each auxiliary distribution P;, denote by S; (x) the auxiliary discriminator
scoring the degree to which x is generated from P; rather than the generative distribution Q. Once again,
all discriminator functions S and S; (s) are parameterized by deep NNis.

We propose to solve the following optimization problem, which is later on proved in Theorem 2]to
be equivalent to the our formulation in Eq (T):

max min ¢ (G S. 8. m) (2)
GS] m S

where we have defined the objective function ¢ (G, S, Sl:m) as:
“Ele(SENI+E[97 (s (S(G@)))]
B [ (500)] ~E [ (5 (516 @)))]

P,

+Za,

and g, g; (s) are the monotonic increasing wrapping functions mapping from R to dom (¢*) and dom (")
respectively to ensure a valid optimization problem.

We note that with monotonic increasing functions for Fenchel conjugate function in the f-divergences
(e.g., as listed in our supplementary material), minimizing the first two terms in above objective function
w.r.t § is expected to return high score S (x) for x ~ P and low for x ~ Q. Likewise, maximizing the last
two terms w.r.t S; returns high score S; (x) for x ~ P; and low score for x ~ Q.

Building upon the result from [69] for the single distribution case, we formally show in Theorem
1 and 2 that optimal solutions S}, (x) and S* (x) for Eq. (2) when Q is held fixed can be obtained
analytically, and that optimizing Eq. is indeed equivalent to solving the optimization problem in Eq.
(3). From a high level perspective, this results are natural, given the connection between f-divergence
and a suitable optimal loss of the best classifier trying to separate data coming from the two distributions.
One thing to remark about Eq. (2)) is that despite having to deal with a set of new discriminators for the
push forces, these discriminators only appear in the outer max problem, unlike the discriminator for the
pull force which has to appear in the inner min problem.

Theorem 1. Given the generative distribution Q (i.e., G), the optimal solutions St. (x)and S* (x) of the
optimization problem in Eq. (2)) can be evaluated as

100 =g (v4(Z2)) 1 <i<m
)

Theorem [2] further establishes the Nash equilibrium point of the minimax problem in Eq. (2) to be
a solution of the optimization problem in Eq. (3).

Theorem 2. The optimization problem in Eq. is equivalent to the following optimization problem:

maxg | Y 0Dy, (P||Q) — Dy (P Q)) 3)
i=1

3.2.3 Generating Data with Constraints

We can adopt the framework of P2GAN to tackle the problem of generating samples with constraints in
an unsupervised manner. To be more precise, assume that we have a primary unlabeled data source with
m classes: Cy,...,C,. We wish to train a generative model that can generate samples that mimic real data

5
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in the primary data source except those in some classes including C;, ,...,C; . We further assume that we
can find additionally auxiliary data sources of classes C;,...,C;,. We train a generative model generated
data samples satisfying the aforementioned constraints by pushing from the auxiliary data sources while
pulling to the primary data source. In addition, the auxiliary data sources do not need to be a part of
the primary data source. For example, assume that we have a primary data source including images of
people with black and blond hairs and we wish to generate only images with blond hair; we can find
images from another data source which contains images of people with black hair and use it as auxiliary
data source.

3.2.4 Addressing the Mode Collapse

The underlying idea of using the auxiliary data sources to address the mode collapse is as follows. We
train the generator G| by minimizing Dy, (P||Qg,) where Qg,is the push-forward distribution of the
noise distribution via the generator G;. It is likely that Qg, can only cover some modes in the real
data distribution P. To enable the discovery of other modes in the real data distribution P, we set Qg,
as the first auxiliary data distribution and train the second generator G, in such a way that its push-
forward distribution Q¢, minimizes —Dj, (Qg, ||Qc,) + Dy, (P||Qc,). This minimization encourages the
resulting distribution Qg, to simultaneously move away the distribution Qg, and toward the real data
distribution P, hence pushing Qg, to cover more other modes in the real data distribution P. This process
is proceeded by setting Qg, Oc, as two auxiliary data distributions and until the resulting distributions
06,,096,,---,0Qc, can cover most of modes in the real data distribution P.

3.3 Experiment

In this section, we first extensively demonstrate how our P2GAN can be used to address the mode col-
lapsing problem, and achieving the best FID scores on CIFAR-10, STL-10, and ImageNet in comparison
with current strongest baselines. This is then followed by another application to generate samples with
constraints to demonstrate the flexibility of our P2GAN beyond its use for addressing the mode collapse.
Regarding network architectures used in all experiments, the generators share parameters in all layers
except for the weights from the input to the first hidden layer; the discriminators share parameters in all
layers except for the weights from the penultimate hidden layer to the output layer; auxiliary sources
generate the same pushing force, all ¢; in Eq. (1)) are equal, and their sum is denoted by ¢. We refer to
the supplementary material for more details about model architectures and hyper-parameter setting.

3.4 Addressing the Mode Collapse with P2GAN

We now demonstrate the performance of our proposed model in addressing the mode collapsing problem
on both synthetic 2D and real-world large-scale datasets. We compare the results of our method with
those of the state-of-the-art GAN’s variants by replicating experimental settings in the original work.

3.4.1 Synthetic Data

First, we reuse the experimental design proposed in [S8] to investigate how our P2GAN explores multiple
data modes. The training data is sampled from a 2D mixture of 8 isotropic Gaussian distributions with a
covariance matrix of 0.02/ and means arranged in a circle of zero centroid and radius of 2.0. The small
variance creates low density regions, thus separating the modes.

We start with one generator and sequentially add a new generator after every 1,000 training epochs
until reaching 8 generators, and then train the entire network for 15,000 epochs in total. The generators
have an input layer with 256 noise units drawn from isotropic multivariate Gaussian distribution .4 (0,1),
and two hidden layers with 128 ReLU units each. The discriminators contain one hidden layer with 128
ReLU units. The pushing parameter o is set to 0.05. Fig. [I] shows the evolution of data generated by
P2GAN. It can be seen that each new generator at first generates a cluster at the center of the circle and

6
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Figure 1: Evolution of data generated by P2GAN. Data samples from the 8 Gaussians are in red, and generated data by each
generator are in a different color.
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(a) Standard GAN. (b) First gen of 5-gen P2GAN.
Figure 2: Random samples generated by GAN models trained on CIFAR-10.

gradually moves to one of the unoccupied modes. Eventually at epoch 8,000, each generator captures
one mode, and 8 generators altogether effectively cover all the modes.

3.4.2 Real-world Datasets

In this section, we present our experiments on real-world datasets. We first conduct experiment on the
CIFAR-10 dataset [43] to investigate the influence of the number of generators. The result shows that
P2GAN model helps stabilize training and improve visual quality of generated samples over the standard
GAN with a similar architecture. Next we perform experiments on the STL-10 [8] and ImageNet [80]
datasets to prove that P2GAN not only achieves the best quantitative results but also generates highly
realistic images.

Data and Evaluation Metric. CIFAR-10 contains 50,000 32x32 training images of 10 classes, in-
cluding airplane, automobile, bird, cat, deer, dog, frog, horse, ship, and truck. STL-10 contains about
100,000 96 x96 images, sub-sampled from ImageNet, and is a more diverse dataset than CIFAR-10. Im-
ageNet is the largest and most diverse datasets with more than 1.2 million images from 1,000 classes.
We follow the procedure of [44] to resize the STL-10 and ImageNet images down to 48 x48 and 32 x32,
respectively, for a fair comparison with the baselines in [96), 38]]. We also resize ImageNet images
down to 64 x64 to examine P2GAN’s capability on higher-resolution data. To quantitatively assess the
quality and diversity of generated samples, we adopt Frechet Inception Distance (FID) proposed in [32]
that is more advanced than Inception score [83] since it compares the statistics of synthetic samples with
those of the real samples, hence capturing the similarity of the two distributions better [32]]. FIDs are
computed on samples of 50,000 images.

Model Architecture with CNN and ResNet. Our network is designed following the DCGAN’s ar-
chitecture [[76], which we refers to as Standard CNN, and the ResNet architecture used in [30]. For
the pulling force, we use the Jensen-Shannon (JS) divergence as in the standard GAN. For the pushing

7
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force, we experiment with both JS and KL divergences. The results are similar but the JS is more nu-
merically stable, hence we eventually use it for both pulling and pushing. Discriminators of the same
type, either pull or push, share parameters in all layers except for the weights from the last layer to the
output layer. Starting with one generator, we add a new generator every fixed number of epochs until
the number of generators reaches a predefined number K , and continue training the entire network. The
learning process is terminated after 150 epochs for CIFAR-10, 100 epochs for STL-10, and 50 epochs
for ImageNet.

Hyperparameter Setting. We use Adam optimizer with a batch size of 64. The learning rate and the
first-order momentum are set at 0.0002 and 0.5, respectively. Regarding the pushing parameter o, we
observe that varying o between 0.001 and 0.1 makes only little influence on the quantitative results, but
large o can lead to less visually appealing samples as generators push each other too hard. As a result,
we employed a gentle force of 0.01 for all experiment. We vary the total number of generators K in
{1,3,5,10,15} for our experiment on CIFAR-10 to investigate the influence of K. We add a new gen-
erator for every 15, 10, 5, 3 epochs when K is 3,5,10, and 15, respectively. For STL-10 and ImageNet,
we simply set K at 10. For models using the ResNet architecture, we apply noise-reduced regularization
[79] and set the regularization parameter y at 2.0.

The Influence of the Number of Generators. Tab.|l|compares FIDs (lower is better) for P2GAN with
different values of K, the number of generators. All models use the ResNet architecture. It should be
noted that the P2GAN model with only one generator turns into the standard GAN, so we refer to it as
standard GAN. The results show that using more generators improves FID and the performance peaks at
K = 5. However, FID slightly deteriorates when K is 10 or 15. This behavior is consistent with that in
our experiment with synthetic data (see Sec. [3.4.1) when the generators are crowded. In general, more
diverse data can accommodate more generators.

# Generators | FID oo ) )
1 26.7 % 80.0 \\ 5pen P2GAN
3 25.7 2 o0 \y
5 20.1 E ool Moy soroniabllobps st
10 23.1 T e A | | i k
15 23.5 * Epoch

Figure 3: Comparison of FIDs for the P2GAN models with
Table 1: Comparison of FIDs (lower is better) on CIFAR-10 1 and 5 generators on CIFAR-10. The 5-gen model is better
for P2GAN models with different number of generators. and more stable FIDs.

We further compares the standard GAN model with the 5-gen P2GAN model. Fig. 3] plots FIDs
of each model over training epochs. The 5-gen P2GAN achieves better and more stable performance.
After 60 epochs, the FID of standard GAN becomes unstable and deteriorates. On the contrary, the
FID of 5-gen P2GAN remains stable and keeps improving. Fig. [2| shows random samples generated by
the standard GAN (a), the first generator of the 5-gen P2GAN (b) and the 5-gen P2GAN (c). Due to
limited space, we refer to the supplementary material for samples generated by other generators of the
5-gen P2GAN. Compared to the standard GAN, the first generator of 5-gen P2GAN generates fewer
classes of objects (mostly car, airplanes and birds) but much clearer images. As a result, the 5-gen
P2GAN (i.e., P2GAN with 5 generators) produces more diverse and visually appealing samples. This
analysis demonstrates that P2GAN has more stable learning, achieves stronger quantitative evaluation
and generates better samples.

Frechet Inception Distance Results. Tab. [2| reports the FIDs obtained by our P2GAN and the latest

baselines collected from recent work in literature [32, 61]. For fair comparison, we also implement

MGAN [38]] using the ResNet architecture with noise-reduced regularization. It is worthy to note that in

the standard CNN group, DCGAN+TTUR and P2GAN share the same architecture similar to DCGAN,

while WGAN-GP and SN-GANs employ a similar architecture for the generator, but add three more
8
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(a) SN-GAN.

layers to the discriminator [61]]. Overall, the P2GAN significantly outperforms other baselines on both
CIFAR-10 and STL-10 in terms of FID. On the ImageNet dataset, our P2GAN model with ResNet
architecture achieves a FID of /8.7 while MGAN with ResNet obtains 2/.8. Note that we have not found
the FIDs of other baselines for this dataset. These impressive results demonstrate the effectiveness of

P2GAN in addressing the mode collapse.

(b) P2GAN
Figure 4: Random 48 x48 STL-10 samples generated by SN-GAN (left) and P2GAN (right).

Model CIFAR-10 STL-10
-Standard CNN-

WGAN-GP 40.2 55.1
DCGAN [76] 37.7 -
DCGAN + TTUR 36.9 -
LayerNorm [61] 33.9 75.6
WeightNorm [61]] 34.7 73.4
Orthonormal [61]] 29 46
WeightClipping [61]] 42.6 64.2
MGAN 26.7 —
SN-GANS [61]] 25.5 43.2
P2GAN (ours) 25.2 53.3
-ResNet-

WGAN-GP [30] 29.3 -
WGAN-GP + TTUR 24.8 -
SN-GAN:Ss [61] 21.7 40.1
MGAN 20.9 45.3
P2GAN (ours) 20.1 38.2

Table 2: Comparison of FIDs (lower is better) with unsupervised image generators.

Generated samples. Random CIFAR-10 images generated by our proposed model with ResNet archi-
tecture were discussed and presented previously in Fig. 2] For 48x48 STL-10, Fig. @] compares random
samples generated by P2GAN and the closest baseline, SN-GAN [61]. SN-GAN samples sketch the
general shapes of some objects but are blurry and fragmented. P2ZGAN samples are much sharper, more

vivid and visually appealing depiction of a variety of objects.
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Figure 5: Samples generated by P2GAN model pushed by images of females with black hair. It can be seen that most
generated images are of females with blond hair.

3.5 Generating Data with Constraints with P2GAN

In this experiment, we verify the effectiveness of the pushing force in our framework. We consider the
scenario where the primary unlabeled data source consists of images from two classes, whilst the aux-
iliary unlabeled data source only has images from one of those two classes. The images in auxiliary
source, though from the same class, are different from those contained in the primary data. In particular,
we conduct the experiment where we have two classes: blond and black hair. Our task is to train gen-
erators to generate blond hair. In what follows we present our data construction, model setting and the
results.

Data construction. For the blond/black hair setting, we randomly pick 12,000 female images with
black hair, and 12,000 with blond hair from the CelebA dataset [51]], and merge them to create the
primary data source. We then randomly select 11,000 images of females with black hair, which do not
appear in the primary data source, from the CelebA dataset to create the auxiliary data source.

Model setting. In generating data with constraints, the generator faces two conflicting goals. The first
goal is to driven by the pulling force to generate data for both two classes. The second goal is driven by
the pushing force to avoid generating data of the class in auxiliary source. To address this conflict, we
train two generators G| and G, where: the primary source pulls both G| and G»; the auxiliary source pulls
G but pushes Gy; and G| and G, push each other. The idea is that G, will cover a part of the primary
data that is similar to the auxiliary data, and contribute additional force to push G; to generate images as
our desired results. Here G| and G; also follow the same parameter sharing scheme as mentioned above.

Results. Empirically we observe that setting the pulling force produced by the primary data to 1.0 and
applying a small pulling force of the auxiliary source of 0.1 and a gentle pushing force (of the auxiliary
source, and between Giand G») of 0.01 can effectively encourage G| and G, to generate different data.
Fig. [5| shows samples generated by G, for blond/black hair experiment. It can be seen that most images
generated by G are of females with blond hair, whilst some tend to mix with other colors such as red,
green or white.

10
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4 MOST: Multi-Source Domain Adaptation via Optimal Transport for
Student-Teacher Learning

4.1 Introduction

Recent advances in deep learning have succeeded in undertaking visual learning tasks under the support
of massive annotated data. However, directly transferring knowledge of such a learned model to a novel
domain can undesirably degrade its performance due to the existence of domain shift [[75]. To address
this issue, a diverse range of approaches in domain adaptation (DA) has been proposed from shallow
domain adaptation [9, [11] to deep domain adaptation [20, 52, |87, [15} 68, 67]. While the conventional
DA aims to transfer knowledge from a labeled source domain to an unlabeled target domain, in many
real-world contexts, labeled data are collected from multiple domains, for example, images taken under
different conditions (e.g., weather, poses, lighting conditions, distinct backgrounds, and etc) [107]. In
this paper, we address a challenging but more practical transfer learning problem named multi-source
domain adaptation (MSDA) in which we need to transfer knowledge from multiple distinct domains to a
single unlabeled target domain.

Imitation learning method has been known as learning from demonstration. Specifically, there are
two fundamental agents: an expert teacher and a student. The former agent knows how to do its job
perfectly, whilst the latter learns a policy to mimic the teacher’s behavior. This learning paradigm has
been applied in reinforcement learning and sequence prediction [1}, [34].

Inspired by the principle of imitation learning, we propose in this paper a novel model for MSDA,
named Multi-Source Domain Adaptation via Optimal Transport for Student-Teacher Learning (MOST).
When applying the teacher-student mechanism in the context of MSDA, we seek solutions for two natu-
rally raised questions: i) how is the teacher determined? and ii) what are the principle and mechanisms
to enable the student to mimic its teacher? We address these two questions by developing a rigorous and
intuitive theory based on the literature of optimal transport (OT) [93} 85, [73]. Our approach (see Sections
4.4 and [4.5) postulates that the teacher is a combination of domain experts learned perfectly under the
support of labeled source samples, and the student aims to predict unlabeled target samples via imitating
the prediction of the teacher. We summarize our contributions in this work as follows:

* We propose a rigorous OT-based theory to leverage imitation learning into domain adaptation. Our
general paradigm can further apply to many learning problems including reinforcement learning.

* Under imitation learning’s perspective, we propose a novel model for MSDA, which utilizes two
cooperative agents: teacher and student. The implementation of MOST is also available onlineﬂ

* Comprehensive experiments are conducted on benchmark datasets for multi-source domain adap-
tation including Digits-five, Office-Caltech10, and Office-31. The experimental results show that
our MOST achieves state-of-the-art performance on those benchmark datasets to the best of our
knowledge.

4.2 Related Work
4.2.1 Unsupervised Domain Adaptation

A variety of unsupervised domain adaptation (UDA) approaches have been successfully applied to gener-
alize a model learned from a labeled source domain to an unlabeled novel target domain. Several existing
methods based on discrepancy-based alignment to minimize a different discrepancy metric to close the
gap between the source and target domains [52, 91, 188, 104, 50]. Another branch of UDA methods have
leveraged adversarial learning wherein generative adversarial networks [28] were employed to align the
source and target domains on either feature-level [20, 90, 53] or pixel-level [23, 4, 84, [101]. On the

Zhttps://github.com/tuanrpt/ MOST
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category-level, some approaches utilized dual classifier [82, 50], or domain prototype [97, [71, [100] to
investigate the category relations across domains.

4.2.2 Multi-Source Domain Adaptation

The fundamental study in [56, 3] has shed light upon the wide applications of MSDA, such as in [17,
102]. Based on the above works, [39] gave strong theoretical guarantees for cross-entropy and other
similar losses, which is a normalized solution for the MSDA problems. Recently, [[107] deployed domain
adversarial networks to align the target domain to source domains. [102]] proposed a new model to deal
with the category shift, which is the case where sources may not completely share their categories. [72]
introduced a model that aligns moments of source and target feature distributions in latent space. Multi-
source distilling model was proposed in [108] to fine-tune the generator and classifier separately and
utilized the domain weight to aggregate target prediction. Finally, the work in [94] deployed a graph
convolutional network to conduct domain alignment on the category-level.

4.2.3 Optimal Transport

Optimal Transport (OT) has raised interest in various fields including domain adaptation. Many works
in single-source domain adaptation have used OT as a tool to mitigate the domain gap via minimizing
the cost of complex distributions [93, 10} [85, 105, 15, 165, 47]. Recently, [50] proposed using the sliced
Wasserstein distance on the category-level, whereas [98]] proposed SPOT in which the optimal transport
plan is approximated by a pushforward of a reference distribution, and cast the optimal transport problem
into a minimax problem. The OT-based DA work in [103]] has leveraged spatial prototypical information
and intra-domain structures of image data to reduce the negative transfer caused by target samples near
decision boundaries. Notably, [11] developed a new framework to connect the theory of optimal transport
and domain adaptation [9], which later inspired an OT-based deep DA method (DeepJDOT) [[15] and a
learning from multiple data sources method (JCPOT) [77].

4.3 Background
4.3.1 Optimal Transport

Consider two distributions P and @Q which operate on the domain Q C RY letd (x,y) be a non-negative
and continuous cost function or metric. In the modern mathematical language, the very first notion of
optimal transport (i.e., Monge problem) [93, [85] aims to find the minimum total cost to transport mass
from Q to IP as

P) := in E,. T ,
Aa(QP) = min Eeqld (T (x)
where Tx(Q is the push-forward distribution of QQ via the transport map 7. A relaxation of the Monge
problem (MP), a.k.a the Kantorovich problem (KP), is defined as

Ky (Qap) : yer&gip)E(x,y)wy [d (x,y)] ) (4)
where 7 is a coupling admitting QQ, P as marginals.
Under some mild conditions as stated in Theorems 1.32 and 1.33 in [85]], KP is identical to MP and
for convenience we denote both .#,; and .#; collectively by #; as #; (Q,P) = %, (Q,P) = .#,;(Q,P).
In addition, under some mild conditions as stated in Theorem 5.10 in [93], we can replace the
primal form by its corresponding dual form

Yy (Q,P) = . {Eq[o° ()] +Ep[d (»)]}, (5)

where .7 (Q,P) :={y: [o|v (y)|dP(y) < e} and §€ is the c-transform of function ¢ defined as ¢¢ (x) :=
miny {d (x,y) — ¢ (y)}-
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Clustering view of optimal transport. This view of optimal transport has been utilized to study a rich
class of hierarchical and multilevel clustering problems [35, 36l]. We now present the clustering view of
optimal transport which assists us to interpret our method developed in the sequel. Let P and QQ be two
discrete distributions defined as

P:=L1y", §,andQ:= Z Sy,

where 9, indicates a Dirac measure centered at x. Without loss of generality, we can assume that n <
m and consider the Wasserstein distance #; (P,Q) w.r.t. a metric d. The following theorem characterizes
the clustering view of OT.

Theorem 3. Consider the following optimization problem: min, #;(P,Q). Let v}, and Q* := Z
be its optimal solution and T* be the optimal transport map as
m
T* = argminr.rp—q+ Y, d (ui, T (u7)).

i=1
Furthermore, let c}., and 6* denote the optimal solution of the following clustering problem:

min d Ui, Vo (
C1:n,0€Il(m,n) 121 bl
where H(m n) is the set of surjective maps from {1,...,m} to {1, ...,n}. We then have cj., = v}, and
T (u;) = vy,
@)

The above theorem states that if we learn the atoms of Q to minimize #; (P,Q) w.r.t. the metric d, the
optimal atoms of (Q become the centroids of the clusters formed by the atoms of IP or the atoms of () are
moving to find the groups of atoms of [P with the aim to minimize the distortion w.r.t. the metric d (see
our supplementary material for more details).

4.3.2 Entropic Regularized Duality

To enable the application of optimal transport in machine learning and deep learning, Genevay et al.
developed an entropic regularized dual form in [22]. First, they proposed to add an entropic regularization
term to the primal form in (4)

PE@P= min {Epy)orldo)] +eDr (11QeP) | ©

where € is the regularization rate, Dky (-||-) is the Kullback-Leibler (KL) divergence, and Q ® P rep-
resents the specific coupling in which QQ and P are independent. Note that when € — 0, 77 (Q,P)
approaches #;(Q,P) and the optimal transport plan ¥; of @ also weakly converges to the optlmal
transport plan y* of (). In practice, we set € to be a small positive number, hence 7; is very close to y*.
Second, using the Fenchel-Rockafellar theorem, they obtained the following dual form w.r.t. the

potential ¢
7@ =max{ [ o aw+ [00)r0)}
= max {Eq [¢¢ (x)| +Ep[9 ()]}, (7)
where ¢ (x) := —€log <Ep [exp {MH )

4.4 Theoretical Developments
4.4.1 Preliminaries

We first examine a general supervised learning setting. Consider a hypothesis £ in a hypothesis class 77
and a labeling function f (i.e., f(-) € #x and h(-) € #x where #p := {r € R” : ||z||, = land 7 > 0}

13
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Figure 6: Imitation view explanation. 4Z (x;) for x, ~ PP tries to imitate 74 (x,) with x, = H* (x},) ~ PA.

with the number of classes M). Let dg be a metric or divergence over %x. We further define the general
loss of the hypothesis 4 w.r.t. the data distribution [P and the labeling function f as:

2 (.f.P)i= [ dy (h(). £ () dP(2).

It is worth noting that by defining the metric or divergence ds as

doy (h( Zfl ) Dkr (13| (x)),

where 1; is an one-hot vector, we can recover the cross entropy loss widely used in deep learning.
Next we consider a domain adaptation setting [20, 9] in which we have a source space .2™° endowed
with a distribution P® and a target space 27 endowed with a distribution P7. Given two pairs z; =

(xl,ylA) € X5x W and 7o = (xz, yzA ) e 2T x %, we define the cost (distance) function between

them as:
d(z1,22) := Ad g (x1,x%2) +do (ylA,yzA) , (8)

where d - is a metric over 275 x 2T and A > 0.

4.4.2 Optimal Transport based Imitation Learning

In what follows, we present the OT based imitation learning which lays foundation for our proposed
MOST. Consider two data domains .24 and .22 with two data distributions P4 and P? respectively, and
assume that 14 : 274 — %) is a well-qualified labeling function (classifier) that gives accurate prediction

for data instances on .24 sampled from P4. We wish to learn a labeling function (classifier) 4? to predict
accurately data instances sampled from P? by imitating what is done by 44 on (% A IP’A). Based on the

data distribution P4 and labeling function 44, we define a distribution P Aph over 2 A % % including
sample pair (x,* (x)) by first sampling x ~ P4 and then computing #* (x). Similarly, we can define
another distribution Pg ;5 over 2 B x %) using the data distribution PZ and the labeling function #5. To

allow h? to imitate the behavior of h*, we propose to inspect the Wasserstein distance (WS) between
Py ya and Pp 5 w.r.t. the cost (metric) function d defined in (8). The following proposition is crucial for
us to derive the fundamental mechanism of OT-based imitation learning.

Proposition 4. The WS distance of interest W (IP’ A ]P)B’hB) can be expressed as:

Lo B [Ady (x,L(x)) +dy (K (x),h® (L(x)))]

= o in  Ecops [Ady (v, H (x)) +do (W (2) A H ()]

As indicated by Proposition 4} the optimal transport H* : H;]P)B = P4 is the optimal mover that
moves P8 to P4 so as to minimize the difference in the predictions of #? for x ~ P8 and h* for H* (x) ~ PA.
In other words, given x ~ PP, the optimal transport H* finds its closest counterpart in the space of .24
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(i.e., H* (x)) so that h® can conveniently imitate the prediction of #* on H* (x)) for predicting x (see

Figure [6).
To further elaborate on the proposed OT-based imitation learning, we assume that f4 is the ground-
truth labeling function for the domain (% A ]P’A) and theoretically prove that if we minimize the Wasser-

stein distance #, (IP At Pa fA>, we can obtain the optimal solution /% = f4 and can upper-bound this
Wasserstein distance by the general loss of h* over (3&” A PA) (the statement (iii) in Theorem .

Theorem 5. The following statements hold

i) Given 24 = 28 = 2, W (IPMA,IPB,,ZB) =0 if only if P = PP and i = i,

ii) Consider the problem: miny,, %, <]PA7hA,]P)A’ fA), the optimal solution is i} = f4 obtained with
the optimal mover L* : L;P* = P4 to be the identity map.

iii) ¥, (IPMA,IPAJA) < 2 (WA, AP,

v) Wi (Pa o oo ) = 2, (PA,PP).

4.5 Our Proposed Method
4.5.1 Problem Formulation

In multi-source domain adaptation, we have K multiple source domains with the collected data and
labels, and single target domain with the collected data only. We wish to transfer a model learned on the
labeled source domains to the unlabeled target domain. Let us denote the collected data and labels for the

S
source domains by 7> = {(sxi< ,yi-‘) }i\il with k is the index of a source domain, label yé‘ e{1,2,...M}

and collected data without labels for the target domain 27 = {txi}f.v: {-

For the sake of simplification, we denote the common space for source domains by .2°5. Note
that if source domains have different input spaces, we can resize either input images or use appropriate
transformations to map them to a common space. We further equip source domains with data distribution
IP’f: x Whose density functions are pf: x (x). Let us denote the ground-truth labeling functions for source
domains by f3, (-) € %, implying that p} (y | x) = f3 (x,y) (i.e., £ (x,y) represents the y-th value of
/3 (x)). Therefore, the joint distribution to generate data instance x and categorical label y € {1,...,M} is
Py (6,3) = pp (x) £ (x,¥).-

Regarding the target domain, we define its data space as 27, data distribution and density function
as PTand pT (x), respectively. We further define the ground-truth labeling function for the target domain
by fT which subsequently implies p” (y | x) = f7 (x,y) for a categorical label y € {1,...,M}.

Given a discrete distribution 7 over {1,...,K}, we define P := yX | nkIP’i which is a mixture
of IP)f: k- For a data instance x ~ P> (i.e., we sample a hidden index t ~ Cat(7) (i.e., the categorical
distribution) and then sample x ~ P?), we further define f° as a labeling function such that f5 (x) is
identical to f5 (x). By this definition, f5 can be viewed as the ground-truth labeling function over the
mixture distribution 3. Finally, the mixing proportion 7 can be the uniform distribution [%, e %] or
proportional to the number of training examples in the source domains (i.e., Nf: x)- It is worth noting
that the mixing proportion 7 influences the proportion of samples from the individual data sources in the
mini-batches. We conduct an ablation study to compare two aforementioned options for 7 and observe
that they are comparable in terms of the predictive performances (see the supplementary material).

4.5.2 Multi-source Expert Teacher

Using the labeled source training sets _@f: x> We can train qualified domain expert classifiers hf: x (e,
hi (x) € %, represents the prediction probability of hg for a data instance x in the k" source domain) with
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good generalization capacity (e.g., .Z (hf , ka ,IP’f ) < € for some small € > 0). The next arising question
is how to combine these domain experts to achieve a a multi-source expert teacher /> that can work well
on PS (ie., & (hS S ,IP’,ST) < g). To this end, we leverage the weighted ensembling strategy in [56, 39]

to achieve
K

s
1S (x,y) = TPy (x,) 1S (x.y) . )
(x,y) ;;1 T 7S () (%)

where y € {1,2,...,M}, and i (x,y) and h° (x,y) specify the y-th values of &} (x) and h° (x) respectively.

The following theorem shows that the multi-source expert teacher /#° can work well on the mixture
joint distribution P3. More importantly, it works better than the worst domain expert on its source
domain. Hence, if each domain expert is an €-qualified classifier (i.e., .Z (hi, f,f ,IP’%) < €), the multi-
source expert teacher /° is also an e-qualified classifier (i.e., . (hS fS ,IP’fr) <eé).

Theorem 6. If dsy can be decomposed as dy («,B) := Y, Bil (o) where o, B € @ and { is a convex
function, the following statements hold true:

i) L (K5, f5,P3) < maxi <<k Z (3, f2,I}).

ii) If each domain expert is an €-qualified classifier (i.e., L (hg, f,f ,]P’i) < &), the multi-source
expert teacher h® is also an €-qualified classifier (i.e., & (hS,fS,IP’f[) <eé).

In what follows, we present how to train the multi-source expert teacher #5. Our workaround to
train 45 comes from the following theoretical observation. Assume that we have K distributions R;.g
with density functions rj.x (z). We form a joint distribution & of a data instance z and label 7 € {1,...,K}
by sampling an index ¢ ~ Cat(7), sampling x ~ R;, and collecting (z,¢) as a sample from 2. With this
setting, we have the following corollary.

Corollary 7. If we train a source domain discriminator € to classify samples from the joint distribution
9 using the cross-entropy loss (i.e., CE (-,-)), the optimal source domain discriminator € *defined as
¢" = argmingE, ). [CE (€ (2) ,1)]
K
satisfies €* (z) = [%} L
Corollary [10| suggests us a way to compute the weights of the domain experts in (15]) in which for
a given y, the distributions pY . (x,y) play roles of r1.x (z) where z = (x,y). More specifically, for each
m € {1,...,M}, we sample t ~ Cat (), then sample (x,y =m) from p> (x,y =m), and train a source
domain discriminator %, (x,y = m) (i.e., only consider (x,y) in which x has label y = m) to distinguish the
source domain ¢ of (x,y = m). We finally use %, (x,y = m) to estimate the weights of the domain experts.
In addition, to conveniently train the source domain discriminators %,,, we share their parameters, hence
having an unique %’ that receives a pair (x,y) and predicts its source domain z. Therefore, in practice, we
obtain the expert teacher in as b5 (x,y) = Y& | € (x,y,k) hg (x,y).

4.5.3 Target-domain Imitating Student

Inspired by the statement (ii) in Theorem [5| recall that f7 is the ground-truth labeling function and A7 is
the classifier on the target domain, we propose to learn A7 on this domain to further minimize with the
aim to obtain AT = f7:

r%n% (]P)T’hT,]P)ﬂ fr) .

To proceed our theory, we assume that ds is a metric over %4, which together with the metric
d 9 forms the metric d (cf. ), implying that % (P..,IP..) is a proper metric. We can thus bound the
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quantity of interest %4 (IP’TJ,T ,Pr. fT):

Wd (PT,/’ZT’]P)T,fT) S Wd (PT,/’ZT’Pg’hS)

1
+Wd( g}thpgny) +Wd (ngSaPT,fT) S

Wd (PT,hT’P;r’hS) ‘|‘ Z (hS’fS’]P)}S'-E) + Wd (Pg’fS’PT,fT> 9 (10)
a joint distribution over 2" x %,, consists of pairs (x,y,) in which x ~ P53 and yy = f5 (x),

—
~—

T
where IP’S, 159

1S is a classifier on the mixture of source domains (i.e., Pfr), and the definition of P%

S s 1s similar to PY

S.fS
by changing the role of f5 to 45. Note that we achieve the inequality (1) because #/ (Pg hS,IP’g f5> is
upper-bounded by .Z (hS S, ]Pfr) (thanks to the statement (ii1) in Theorem .

Moreover, # 4 (Pg fS,IP’T fT) is a constant. Hence, to minimize the upper-bound in (10), we seek

a classifier #% working well on the mixture of source domains with a sufficiently small .# (hS fS ,IP;?[),

V(3
S.hS

source expert teacher 45 as in Section which can operate well on IPS. as long as we can train good
domain experts hf: x> hence leading to the following optimization problem:
. S £S oS
n}gn{%d (PTﬁT,IP’SﬁM) +.2 (15,15, 15) } . 1)
The optimization problem in (I1) is in line with the context of imitation learning for which the

teacher classifier #° has been trained effectively on the mixture source domain (i.e., P3) and the student
classifier A7 tries to imitate the teacher on the target domain. Specifically, Proposition implies finding
the optimal transport map H*: H;PT = PPS. so that for any x ~ PT, A (x) should mimic the prediction of
the expert teacher 25 over H* (x) ~ P>.. This observation forms the foundation of our proposed MOST.

Proposition 4| further illustrates that among the transport maps H transporting P7 to P3., we need to
seek the map incurring the minimal label shift and enabling the student 47 easiest to imitate its teacher /5.
Inspired by the statement (iv) in Theoremwhere Wy (]P)g W PT, hr) is lower-bounded by A%, (IP’,ST, IP’T)
(the discrepancy gap between the mixture of source distributions and the target one), to reduce the data
shift, we propose to map both (% S ]P)fr) and (5&” T,]PT) to a common joint space via two generators G°
and G and solve the following optimization problem:

min {2 (15065 1. B8) + 4 (Qryr, Q%) (12)

where Q. is similar to P~ but on the joint space and consists of the pairs (G” (x),A” (G” (x))) for
x ~ PT and Q;r’ ,s 1s similar to ]P’; ,s but on the joint space and consists of the pairs (G%(x),h* (G5 (x)))
for x ~ .. Note that both 45 and A3, now act on G5 (-).

Theorem 8. Let 1 o G° be the optimal teacher and hl ,GL be the optimal solutions of the optimiza-

tion problem in . Assume that GT ,h! are in the families having infinite capacity (i.e., those can
approximate any continuous function up to any level of precision, e.g., neural nets), we hav

. T T GS GT
min /'y (IP;{},T,P;" fGT) <L (oG 5P + W (B By ). (13)
’ T 2J* sJ %

S T
where f3 ::fg* and fI = fTG"
In Theorem P?ZT is the distribution consisting of samples of pairs (G (x),h” (G (x))) where

x ~ PTand same definition for other similar distributions. Theorem @ demonstrates that our MOST with

S T
the support of the generators and the joint space can mitigate data and label shifts as # 4 (IP?’}S, IP’(T;*fT)

while encouraging i’ to imitate 45 by minimizing %4 (]P)TJzT P ) . To this end, we employ the multi-

is the natural shift between two ground-truth labeling functions f° and f7 in the joint space.

3We define fC as the induced labeling function over the joint space such that f¢ predicts G (x) as same as f predicts x.
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Figure 7: Left: The overall structure of our proposed method for multi-source domain adaptation. MOST consists of two
cooperative agents: an expert teacher 45, a weighted combination of domain experts and a student 47 that tries to imitate the
prediction of the teacher via the OT-based imitation learning. Right: Clustering view explanation of the WS distance term.

4.5.4 'Training Process of MOST
Training Multi-Source Expert Teacher

To work out the multi-source expert teacher /45, we simultaneously train domain experts h‘f: x on the
labeled training sets .@15: ¢ and the source domain discriminator % to offer the weights of the domain
experts. Basically, we minimize: Zle ,fkde + 2% where we define

L =Ey)gy [CE (1 (G° () )],
L =Ep e [CE (€ (x,y),1)]
with 2 is formed by sampling t ~ Cat (7r) and (x,y) ~ &3 and CE (-, -) is the cross-entropy loss.

Training Target-Domain Imitating Student

We use the entropic regularized dual form in (7)) to solve the optimization problem of interest in (12]) by

minimizing %} (QTﬁT,Qghs , hence arriving at the following optimization problem:

. . 1
hr}lg%r LS = hr}lg}r mq?x Epr | —€log EP% [exp {EY(XS,XT) H +E]P’,Sr [<p (GS (xS))}

, where we have defined
v x") =9 (G (") —d (G° () ,G" ("))
, ¢ 1s a neural net named Kantorovich potential network and we have definened
4(G5 ()67 (7)) = d (W (7 (7)) .1 (G5 (%)) ) + A [[67 (+7) — G* ()]

, while x ~ PT x5 ~ 3.

Clustering view explanation of the WS distance term. More specifically, according to the clus-

ter view of optimal transport % f (QT’hT ,Q ), at the optimal solution, each G7 (xT) finds a cluster of

T
S.hS
GS (xS ) (s) to minimize the distortion w.r.t. the metric d (GT (xT) e (xS )) defined as

dy (W (G" (")), (G7 (")) +A 6" (") = G° ()|
, which further implies that G7 (xT) should move closely to a cluster of G5 (xS ) (s) with the same pre-
dicted label regarding 4° so as to imitate the prediction of /45 (i.e., mindy (hT (GT (xT)) i (GS (xS ) ) ) ).
This certainly helps to mitigate the label shift problem (see Figure 7).
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The teacher /5 also offers pseudo labels on source and target examples for the student A7 to imitate,
hence we minimize:
LV =E, s pr [CE (1 (G5 (x)) .17 (G7 (x)))].

Virtual adversarial training (VAT) [60] in conjunction with minimizing entropy of prediction [29]
with the aim to ensuring the clustering assumption [6] has been applied successfully to UDA [87]. In-
spired by this success, we propose to minimize:

gclus — gent 4 gvat
where we have defined

LM =Epr [H(h" (G" (x)))]

, H is the entropy and
gvat = EwaT [max x’:\|x’—x||<6DKL (hT (GT (x)) ,hT (GT (x')))}
with which Dg; represents a Kullback-Leibler divergence and 0 is very small positive number.

Simultaneous Training of Student and Teacher

We have two scenarios to train our teacher and student paradigm: (i) sequential training and (ii) simulta-
neous training of teacher and student. As suggested by the ablation study (see Section 4.6.4)), we follow
the strategy of simultaneous training of teacher and student in which we minimize:

K
P kade+$<€+agWS_’_ﬂgpl_l_ygclus’ (14)
k=1

where a, B,y > 0 are trade-off parameters.

We note that the loss .Z"* has the form of maximizing over ¢ which is parameterized by a neural
net. In training MOST, we update ¢ several times for each mini-batch of data. Due to the effect of the
envelope theorem, the term .#WS (hence the total loss .#’) smoothly decreases (see Figure . Finally,
we present the overview of our approach in Figure

4.6 Experiments
4.6.1 Model Evaluation

We evaluate our proposed MOST on several commonly-used benchmark domain adaptation datasets,
including Digits-five [72], Office-Caltechl0 [25] and Office-31 [81]. The details of datasets and pre-
processing steps are described in our supplementary material. Similar to [94]], we compare our MOST
with the MSDA standards: (1) Single Best: the best classification accuracy on the test set among single-
source transfer results; (2) Source Combine: the evaluation on single-source domain adaptation whereas
the single-source is combined by all source data; (3) Multi-Source: results on the adaptation from multi-
ple source domains to the target domain.

4.6.2 Architecture/Hyperparameters

We follow the training paradigms in [82] [72] where G° are shared weights with G. All the experi-
ments on Office-Caltech10 and Office-31 are based on pre-trained ResNet-101 [31] and AlexNet [44],
respectively. The network architecture and hyperparameter settings are presented in the supplementary
material.

4.6.3 Results

We first compare MOST with recent state-of-the-art works on Digits-five whose results are reported
in Table 3] Our MOST surpasses all transfer tasks, with a sizable margin especially in the following

adaptation tasks: “—mm”, “—sv”, and “—sy”. Overall, our proposed method achieves a high average
accuracy of 96.0%, which is a 4.2% increase compared to LtC-MSDA [94].
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Table 3: Classification results with mean and standard deviation on Digits-five.

Standards Methods —mm —mt —up —SV —Sy Avg
Source-only 59.2+0.6 97.2+0.6 84.7+£0.8 77.7+£0.8 85.2+0.6 80.8

Single DAN [352] 63.840.7 96.3+0.5 94.2+0.9 62.5+0.7 85.4+0.8 80.4
Best CORAL [88]  62.5+£0.7 97.24+0.8 93.5£0.8 64.4+0.7 82.840.7 80.1
DANN [21]] 71.34+0.6 97.6+£0.8 92.3+0.9 63.5+0.8 85.4+0.8 82.0

ADDA [90] 71.6£0.5 97.9+0.8 92.840.7 75.5+£0.5 86.5+0.6 84.8
Source-only 63.44+0.7 90.5+£0.8 88.7+0.9 63.5+0.9 82.4+0.6 77.7

DAN [52] 67.9+£0.8 97.5+0.6 93.5+0.8 67.840.6 86.9+0.5 82.7

Source  DANN [21] 70.8+£0.8 97.940.7 93.5+0.8 68.5+0.5 87.4+0.9 83.6
Combine JAN [55] 65.9+0.7 97.2+0.7 95.44+0.8 75.3£0.7 86.6+£0.6 84.1
ADDA [90] 72.34+0.7 97.9+£0.6 93.1+0.8 75.0+0.8 86.7+£0.6 85.0

MCD [82] 72.5+0.7 96.2+0.8 95.3+0.7 78.9+0.8 87.5+£0.7 86.1

MDAN [107] 69.5+£0.3 98.0£0.9 92.4+0.7 69.2+0.6 87.4+0.5 83.3

DCTN [102]  70.5£1.2 96.2+0.8 92.840.3 77.6£0.4 86.8+0.8 84.8

Multi-  M3SDA [72] 72.841.1 98.4+0.7 96.1+0.8 81.3+0.9 89.6+0.6 87.7
Source MDDA [108] 78.6+0.6 98.84+0.4 93.9+0.5 79.3+0.8 89.7+0.7 88.1
LtC-MSDA [94] 85.6+0.8 99.0+0.4 98.3+0.4 83.2+0.6 93.0+0.5 91.8

MOST (ours) 91.5£1.7 99.6+0.0 98.4+ 0.0 90.9+£0.6 96.4+2.7 954

Table 4: Classification accuracy (%) on Office-Caltech10 using pretrained ResNet-101.

Training Strategy

Standards Methods —-W =D —C —A Avg
Source  Source-only 99.0 98.3 87.8 86.1 92.8
Combine DAN [52] 99.3 982 89.7 94.8 95.5
Source-only 99.1 982 85.4 88.7 929
DAN [52] 99.5 99.1 89.2 91.6 94.8
DCTN [102] 994 99.0 90.2 92.7 953
Multi- JAN [53]] 994 994 912 91.8 955
Source MEDA [95] 993 99.2 914 929 95.7
MCD [82] 99.5 99.1 91.5 92.1 95.6
M3SDA [72] 99.5 992 922 945 96.4
MOST (ours) 100 100 96.0 96.4 98.1

4.6.4 Ablation Study
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The experimental results on Office-Caltechl0 are shown in Table 0] Compared to the baselines, our
MOST obtains impressive scores on all the settings: 100% on the adaptation tasks from corresponding
source domains to W and D, and significant improvements on “—C”, and “—A” tasks. As a result, our
proposed method experiences a rise of 1.7% on average compared to the runner-up method M3SDA [72].
Finally, we report the performance on Office-31 and compare results in Table [S| MOST continues to
perform the best with 1.8% improvement on average over the second. Additionally, on the challenging
task “—A”, MOST significantly surpasses the state-of-the-art method by 3.7%.

We consider two training strategies for MOST, which are two-phase training and simultaneous training.
In the former, we train a perfect teacher and then train a student to imitate it, while in the latter, we
train all in once with the loss in (I8)). Table [6] shows that simultaneous training is more effective with an
improvement of 0.6% on the average accuracy. We hence stick to this strategy for our main experiments.



Table 5: Classification accuracy (%) on Office-31 using pretrained AlexNet.

Standards ~ Methods —-D —-W —A Avg
Source-only 99.0 953 50.2 81.5
RevGrad [20] 99.2 964 534 83.0
DAN [52] 99.0 96.0 54.0 83.0
RTN [54] 99.6 96.8 51.0 825
ADDA [90] 994 953 546 83.1
Source-only  97.1 92.0 51.6 80.2
DAN [52] 98.8 96.2 549 833
Source RTN [54] 99.2 958 534 828
Combine  JAN [55] 994 959 546 833
ADDA [90] 99.2 96.0 559 83.7

MCD [82]] 995 96.2 544 834

MDAN [107] 99.2 954 55.2 833

DCTN [102] 99.6 969 549 83.8

Multi- M3SDA [72]  99.4 962 554 83.7
Source  MDDA [108] 99.2 97.1 56.2 842
LtC-MSDA [94] 99.6 97.2 56.9 84.6

MOST (ours) 100 98.7 60.6 86.4

Single
Best

Table 6: Results (%) on different training strategies.

Methods —mm —mt —up —sv —sy Avg
Two-phase training 89.7 99.6 982 92.0 9777 954
Simultaneous training 934 99.6 984 909 97.8 96.0

Effect of Losses

We investigate the effectiveness of the component losses in (I8) w.r.t. the source domain (a.k.a. source
only setting), i.e., .ﬁfkde + %% and w.rt. the target domain to perform domain adaptation, i.e., .
WS, Zent and £V . The average results reported in Table [7| show that by only incorporating 2 losses
LPh+ WS (fourth row) to align the target samples to source samples, MOST already achieves the
state-of-the-art results (94.2% on Digits-five and 96.9% on Office-Caltech10) compared to the runner-up
baselines (91.8% on Digits-five and 96.4% on Office-Caltech10). While the performance is improved
further with the help of clustering assumption (the last row).

Table 7: Average accuracies (%) on Digits-five and Office-Caltech10 datasets with different settings.

Loy T gl WS pent pva Digits-five  Office-Caltech10

v 82.6 95.8
v v 89.9 96.7
v v v 94.2 96.9
v v v v 93.8 97.9
v v v v 94.8 97.4
v v v v v 96.0 98.1

Wasserstein Distance

We further observe the values of the WS distance between Q7 and Qg ,s 10 (8) on “—mm” task during

training. As shown in Figure [§ the WS values tend to go down, which signals the decline of the data
shift and label shift between the two domains.
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Figure 8: Values of %/ (@T’hr,(@’; h5> during training.

5 STEM: An approach to Multi-source Domain Adaptation with Guar-
antees

5.1 Introduction

Recent advances in deep learning have enjoyed great success in performing visual learning tasks under
the collection of massive annotated data [44, 99,78, 86, 5]. However, directly transferring knowledge of
a learned model, which is trained on a source domain, to a novel target domain can undesirably degrade
its performance due to the existence of domain and label shifts [15]. To address these issues, a diverse
range of approaches in domain adaptation (DA) has been proposed from shallow domain adaptation
(70, 24, 19, 11] to deep domain adaptation [20, 52, [18} [19, 87, [15, 47, 165, 64]. While the conventional
DA aims to transfer knowledge from a labeled source domain to an unlabeled target domain, in many
real-world contexts, labeled data are collected from multiple domains, for example, images taken under
different conditions (e.g., weather, poses, lighting conditions, distinct backgrounds, and etc) [[107]. This
has arisen a very practical and useful setting for transfer learning named multi-source domain adaptation
(MSDA) in which we need to transfer knowledge from multiple distinct source domains to a single
unlabeled target domain.

For multi-source domain adaptation, there exist two fundamental challenges: (i) how to deal with
the diversity in the labeled source domains and (ii) how to cope with the domain shift between the
target domain and the source domains. The first challenge makes it harder to train a single model that
1s expected to work well on multiple source domains due to the requirement to resolve diverge data
complexity imposed on model training. To overcome this challenge, inspired by [56, 39], we propose
combining domain experts into a multi-source teacher by mixing the domain expert predictions using the
coefficients learned by a domain discriminator. Our rigorous theory demonstrates that the performance
of this multi-source teacher expert predicting globally on the mixture source domains is at least better
than that of the worst domain expert predicting locally on its domain (see Theorem [9). Therefore, if we
can train qualified domain experts, their combination leads to another qualified expert with significantly
broader coverage.

To address the second challenge, as suggested by Theorem I 1] we employ a joint feature extractor
that maps the target domain and the mixture of source domains into the same latent space with the help of
adversarial learning. Furthermore, together with closing the divergence of the target domain and mixture
of source domains on the latent space, we train a target-domain student to imitate the multi-source teacher
on both source and target examples while enforcing the clustering assumption [6] on the target-domain
student to strengthen the student’s generalization ability.

* We propose an approach named Student-Teacher Ensemble Multi-source Domain Adaptation (STEM)

with theoretical guarantees for multi-source domain adaptation. Not only driving us in devising our
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STEM, the rigorous theory developed provides us an insightful understanding of how each model
component really influences the transferring performance.

* We conduct extensive experiments on three benchmark datasets including Digits-five, Office-Caltech10,
and DomainNet. Experimental results show that our STEM achieves state-of-the-art performances
on those three benchmark datasets. More specifically, for Digits-five and Office-Caltech10 datasets,
our STEM wins the baselines on all pairs and surpasses the runner-up baselines by 3.2% and 1.5%
on average, while for DomainNet dataset, our STEM wins the runner-up baseline on 5 out of 6
pairs and surpasses the runner-up baseline by 6.0% on average.

5.2 Related Work
5.2.1 Unsupervised Domain Adaptation

A variety of unsupervised domain adaptation (UDA) approaches have been successfully applied to gen-
eralize a model learned from labeled source domain to unlabeled novel target domain. Several existing
methods based on discrepancy-based alignment to minimize a different discrepancy metric to close the
gap between source and target domain [52, 91, 88, 104, S0]. Another branch of UDA has leveraged
adversarial learning wherein generative adversarial networks [28, 166, 37, 13| 46]] were employed to align
source and target domain on feature-level [20} 90, 53} 167] or pixel-level [23 4,84, 101]]. On the category-
level, some approaches utilized dual classifier [82, 50], or domain prototype [97, [/1, [100] to investigate
the category relations across domains.

5.2.2 Multi-Source Domain Adaptation

The aforementioned UDA methods mainly consider single-source domain adaptation, which is less prac-
tical than multi-source domain adaptation. The fundamental study in [[12, 56, 3] has shed light upon the
wide applications of MSDA, such as in [[1'/7, [102]. Based on the above works, Hoffman et al. [39] gave
strong theoretical guarantees for cross-entropy and other similar losses, which is a normalized solution
for MSDA problems. Recently, Zhao et al. [107] deployed domain adversarial networks to align the
target domain to source domains. Xu et al. [102] proposed a new model to deal with the category shift,
which is the case where sources may not completely share their categories. Peng et al. [72] introduced a
model that aligned moments of source and target feature distributions in latent space. A multi-source dis-
tilling model was proposed in [108]] to fine-tune generator and classifier separately and utilized domain
weight to aggregate target prediction. Finally, the work in [94] deployed a graph convolutional network
to conduct domain alignment on the category-level.

5.3 Our Proposed Framework
5.3.1 Problem Setting

In this paper, we address the problem of multi-source domain adaptation in which we have K source
domains with collected data and labels, and a single target domain with only collected data. We wish
to transfer a model learned on labeled source domains to an unlabeled target domain. Let us denote the

S
collected data and labels for the source domains by D3 = { (sxf , yi‘) }i\l‘l where £ is the index of a source
domain and label yi-‘ € {1,2,...,M} with the number of classes M, and collected data without labels for

T
the target domain D7 = {txl-}f.v: 1~ We further equip source domains with data distributions IP’f: x Whose

density functions are pf . (x). Also, we define p} . (y|x) as the conditional distributions that assign
labels to each data example x for the source domains. Regarding the target domain, we define its data
space as .27, data distribution and density function as P”and p7 (x), respectively. We further define the
conditional distribution that assigns labels for the target domain as p” (y | x).
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Figure 9: Overall framework of STEM for multi-source domain adaptation, which consists of cooperative agents, namely
a multi-source teacher expert 45 and a target-domain student 4”. Our model is trained to implement simultaneously two
tasks: (i) achieving the teacher expert 4° by first training to obtain domain experts hf: x using their labels (orange and purple
arrows), and then output the teacher 45 using a weighted ensembling strategy (black arrows) and (ii) training the student 4’
with the aim to mimic the prediction of its teacher expert % (green arrows) with the support of D to close the gap between
the mixture of source data distributions and the target distribution on the latent space.

Furthermore, we denote ID as a joint distribution with density function p(x,y) used to generate
data-label pairs (i.e., (x,y) ~ D). Note that for the sake of notion simplification, we overload the notion
D to denote both joint distribution for generating data-label pairs and a training set sampled from this
distribution. Let & be a classifier in which % (x,y) specifies the probability to assign the data example x to

aclassye{l,....M} and h(x) = [h(x, y)] _, is the prediction probability vector w.r.t. x. We consider the

loss function £(h(x),y) and define the general loss w.r.t. the data-label joint distribution ID as follows:
Z(h D) ]Exy)ND [f(h(x),y)]

= / C(h )p (x,y)dxdy.

Finally, given a discrete distribution 7 over {1, ...,K } we define PS5 := Y& | mP} which is a mix-
ture of P, with density function pS (x) = Y& mp} (x) and D3 := YK | mD? with density function
ps(x,y) = Y&, mp; (x,y). Moreover, the mixing proportion 7 can be the uniform distribution [%, ..., +]
or proportional to the number of training examples in the source domains (i.e., N K-

5.3.2 Overall Framework of STEM

Figure [J] illustrates the overall framework of our STEM. Source and target domains are mapped to a
latent space via a shared generator or feature extractor G. On the latent space, we train the domain
experts hf: x and a source domain discriminator 4" for which we can combine them to achieve a multi-
source teacher expert 45, Particularly, the source domain discriminator is trained to distinguish the source
domains, hence rendering the probabilities to assign an example to the source domains. Therefore, given
a source example, the domain experts more relevant to this example contribute more to the final decision.
Furthermore, we develop a theory to demonstrate that the multi-source teacher expert 4> can predict well
on the mixture of source domains with the performance at least better than the worst domain expert on
its source domain. Note that to support the source domain discriminator ¢ to do its task, the latent
representations from the individual source domains are encouraged to be separate, hence increasing
their coverage on the latent space. Meanwhile, with the assistance of adversarial learning framework
[28]], we train G with the support of a discriminator D to bridge the gap between the target distribution
and the mixture of source distributions, which enables the multi-source teacher expert 1S to transfer
its knowledge to predict well the target examples. Moreover, inspired by the principle of knowledge
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distillation [33]] in which we can conduct a student to distill knowledge and outperform its teacher, we
train an additional target-domain student A’ to mimic the predictions of the multi-source teacher expert
h® on the target and source examples. Finally, we develop a rigorous theory to quantify the loss in
performance for this imitating.

5.3.3 Ensemble based Teacher Expert

In what follows, we present how to conduct the multi-source teacher expert /°, an ensemble expert which
leverages knowledge of domain experts. Particularly, using the labeled source training sets ]Df: x> We can
train qualified domain expert classifiers hf: x With good generalization capacity (i.e., £ (hf ) ]Di) < € for
some small € > 0). The next arising question is how to combine those domain experts to achieve a
multi-source teacher expert K5 that can work well on ]D>;9t (.e., & (hS ,D;gt) < €). Inspired by [56, 39],
we leverage the domain experts to achieve a more powerful multi-source teacher expert by a weighted

ensembling as follows:
K

N
1 (x.y) — P 5Y) s (15)
(x,y) ;;Zf_l 705 () ; (%)

where y € {1,2,...,M}, and i (x,y) and h° (x,y) specify the y-th values of &} (x) and h° (x) respectively.

The following theorem shows that the multi-source domain teacher expert 45 can work well on
the mixture joint distribution 3. More specifically, it works better than the worst domain expert on
its source domain, hence if each domain expert is an e-qualified classifier (i.e., .Z (hg ,]Di) <€), the
multi-source teacher expert /5 is also an e-qualified classifier (i.e., .Z (hS ,]D;qt) <eé).

Theorem 9. If  is a convex function, the following statements hold true (the proof of this theorem is
adapted from a proof in [56] 39]):

i) £ (h5,D3) < maxj<x<x 2 (h3,DY).

ii) If each domain expert is an €-qualified classifier (i.e., £ (hi , ]Di) < &), the multi-source teacher
expert b3 is also an e-qualified classifier (i.e., £ (hS,]D)fr) <eé).

So far the question of how to weight the domain experts hf: x to form multi-source teacher expert

hS is still left unanswered. Moreover, [39] proposed using DC-programming (i.e., difference of convex)
[L6] for estimating weights. However, this approach seems to be overly complicated and there is not any
convincing evidence of the effectiveness of this work for real-world datasets (i.e., the reported perfor-
mance for the Office-31 dataset in the context of the standard multiple source setting without any transfer
learning is only approximately 84.7%). In this paper, we propose a new approach to weight the domain
experts, which is hinted from the following theoretical observation. Assume that we have K distributions
R;.x with density functions r.¢ (z). We form a joint distribution D of a data instance z and label r € {1,...,K}
by sampling an index ¢ ~ Cat(x) (i.e., the categorical distribution w.r.t. ), sampling x ~ R, and collecting
(z,¢) as a sample from D. With this equipment, we have the following proposition.

Proposition 10. If we train a source domain discriminator € to classify samples from the joint distribu-
tion 9 using the cross-entropy loss (i.e., CE (-,-)), the optimal source domain discriminator € *defined
as

C* = argmingE(, ). [CE (€ (2) ,1)]

Yjmirj(z)

K
satisfies € (z) = [ Tir(2) }k—l'

Proposition |10| suggests us a way to compute the weights of the domain experts in Eq. n
which for a given y = m, the distributions py. . (x,y = m) play roles of ry.x (z) where z = (x,y = m). More
specifically, for each m € {1,...,M}, we sample ¢t ~ Cat (), then sample (x,y = m) from p’ (x,y = m),
and train a source domain discriminator 6, (x,y =m) (i.e., only consider (x,y) in which x has label
y = m) to distinguish the source domain of (x,y =m). We finally use %, (x,y = m) to estimate the
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weights of the domain experts. In addition, to conveniently train the source domain discriminators %,
we share their parameters, hence having an unique % that receives a pair (x,y) and predicts its source
domain ¢. Therefore, we obtain the expert teacher

K (x,y) = Z%xy, k) By (x,) - (16)
k=1
To leverage the information of multiple source domains and encourage learning multiple-source

domain-invariant representations for transfer learning in the sequel, we employ a feature extractor G to
map multiple source domains and the target domain to a latent space. The domain experts hf: x and the
source domain discriminator are trained on the latent space. The formula in Eq. (16)) is rewritten as:

(G Z% Y.k (G (x),y).

At the outset, we want to emphasize that our principle to learn representations is different from
that in some recent works in MSDA, typically [72]. In [72], the moment distance was used to force the
representations of multiple source domains to be identical in the latent space, while ours encourages the
representations of the individual source domains to be separate so that the source domain discriminator %’
can distinguish them more effectively. By this way, we increase the coverage of the representations from
the multiple source domains, which makes the representations from the target domain more conveniently
to adapt the source representation in the transfer learning phase.

5.3.4 Performance of The Multi-source Teacher Expert on the Target Domain

We have possessed a qualified multi-source teacher expert 45 that expects to predict well data examples
sampled from Z3 (i.e., a mixture of _@ .x) as indicated in Theorem (9, It is natural to ask the question of
the factors that influence the performance of h% when predicting on the target joint distribution DT . The
following theorem answers this question.

Theorem 11. If / is a convex function and upper-bounded by a positive constant L, the general loss
Z (hS ,]DT) is upper-bounded by:

a—1

5 a-1
A [maxkz (18, DF) + LmaxcEgs [ Ape (v | ¥)[|,]| © where A=exp {R* (BT [P$)} & La in which
* (PT||IP3,) represents the Rényi divergence between those distributions and

M
Api(y|x) = [|piy=m|x)=p" y=m|9|],_,
represents the label shift between the labeling assignment mechanisms of an individual source domain

and target domain.
a1

i) A {8 —I—LmanEpg [|Apk (v | x)Hl]} * provided that & (h},D}) <eVk=1,...K.

We now interpret Theorem |1 1| which lays foundation for us to devise our STEM in the sequel. The
general loss of interest . (hS ,D* ) is upper-bounded by the construction of three terms, each of which
has a specific meaning.

(i) The expert-loss term maxy & (hi ,Di) represents the worst general loss of the domain experts

hf: Minimizing this term implies training the domain experts to work well on their domains.
M
(ii) The label-shift term ]E]P;S APk (v [ x)]l,] where Api (v | x) := [|pf (y =m | x) = p" (y=m | x)|] _,

specifies the label shift 1ndlcat1ng the divergence of the ground- truth target labeling function and the
ground-truth source labeling function on a source domain. This term is constant and reflects the charac-
teristics of collected data.

(iii) The domain-shift term R* (PT||P;) expresses the data shift between the mixture source distri-
bution P3. and the target distribution P7 .

The observation in (ii1) hints us using adversarial learning framework [28] to bridge the gap between
the representations of the multiple source domains and the target domain on the latent space using an
additional discriminator D (see Section [5.3.6)).
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5.3.5 Target-Domain Student

The multi-source teacher expert 45 is guaranteed to work well on the mixture of source data distributions
PP3, while the generator G with the support of a discriminator D in adversarial learning framework [28]]
aims to close the discrepancy gap between the mixture of source data distributions P5. and the target
distribution P” on the latent space. Therefore, the multi-source teacher expert /° is expected to work
well on the target domain. However, the ill-posed problem of GAN (e.g., the mode collapsing problem)
could occur during training, so that using directly 4> to predict target samples in latent space is not the
best solution, which motivates us to design the student network h’. Particularly, in Figure , GAN
works perfectly, hence both 25 and A7 work equally well. In another case, since GAN does not mix up
well the class 1 and 2 of source and target domains (Figure ), hS predicts well on the source domain
but unwell on the target one. By enforcing the clustering assumption on i’ [6] (i.e., AT preserves clusters
and is encouraged to give the same prediction for source and target data on the same cluster), the possible
ill-posed training of GAN is mitigated. Additionally, inspired by the principle of knowledge distillation
[33]] in which we can conduct a student to distill knowledge and outperform its teacher, we propose to
train 47 which aims to mimic the predictions of the teacher /° on the mixture source and target domains.
This also helps to mitigate the negative impact from possible ill-posed training of GAN, while offering
us an opportunity to apply regularization techniques such as VAT [60] and label smoothing [62] to A .
We note that in our framework, it is hard to apply those regularization techniques directly to the teacher
hS, but it is convenient to apply to h’. Indeed, we decide to apply VAT to i’ (see Section and
observe its superiority to the teacher in terms of predictive performance (see Section [5.6.4)).

m A source samples DA targetsamples moclass1 A class 2

Figure 10: The motivation of the student /7.

5.3.6 Training Procedure of Qur STEM
Training Multi-Source Teacher Expert

To work out the multi-source teacher expert 45, we simultaneously train domain experts hf: x on the

labeled training sets .@f: x and the source domain discriminator ¢’ to offer the weights for leveraging the
domain experts. We propose two workarounds to train 4" and ensemble the domain experts. Basically,
we minimize: Y& | £+ a.#%, where o > 0 and consider two variants.

Theoretical oriented version. For the theoretical oriented version, we feed (G (x),y) to source domain
discriminator ¢ with the aim to predict the data source index of x

Ll =E(ryomy [CE (B (G (x)),¥)]
L = Exy)~a [CE(€ (G(x),y),1)],

W (G (x),y) = L1 € (G (x), 3, k) (G (x),y),
where 2 is formed by sampling t ~ Cat (7r) and (x,y) ~ D? and CE (-, ) is the cross-entropy loss.
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Simplified version. For the simplified version, instead of feeding (G (x),y) to the source domain dis-
criminator ¢, we only feed G (x) to this discriminator with the aim to predict the data source index of
X

Ll =By [CE (B (G (x)),y)],
L =By [CE(€(G) 1),

W (G (x),y) = X516 (G (x), k) B (G (x),y),

where & is formed by sampling ¢ ~ Cat (1) and x ~ P?. According to our ablation study in Section
5.6.2] the simplified version performs slightly better than the theoretical oriented version, while easier to
train due to its simplicity. Therefore, we stick with the simplified version and detail the training of other
components based on this version.

Training Target-Domain Student

We train the target domain student 4’ to mimic the teacher 4 on the predictions for target and mixture
of source examples using the following loss:

L™ = Egs [L (W (G(),H (G ()]

+Epr [ (AT (G(x)),h° (G (x)))] .
Moreover, Virtual adversarial training (VAT) [60] in conjunction with minimizing entropy of prediction
[29] with the aim to ensuring the clustering assumption [6] has been applied successfully to UDA [87,
45, 168]]. Inspired by this success, we propose minimizing
gclus _ gem‘ + gvat
where H is the entropy,

Lo = Epr [H (T (G(x)))],
L —E _ pr [max o[ —x| <o DKL (hT (G (x)) v (G (x’)))]

with which Dgj represents a Kullback-Leibler divergence and 6 is very small positive number. The total
loss to train the student A7 is as follows:

gstu — gom _{_ﬁgclus
where B > 0 is a parameter.

Training Discriminator

The discriminator D is employed to distinguish the examples from the mixture of source data distributions
P> and the target distribution P”. The loss to train D is as follows:

L = —Eps [log D(G(x))] — Egr [log (1 - D(G(x)))].

Training Generator

We train the generator G to bring the target examples to the mixture of source examples and provide
appropriate representations for learning 45 and A7 with the following loss:

K
Zog/pkie_i_ag%_f_gstu_ygd, (17)
k=1

where ¥y > 0 is are parameters.
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Overall Training
We simultaneously update G, %", 45, h! by minimizing:
K
Y Lt ad? + m+ BLNS —y 2, (18)
k=1

We alternatively update D by minimizing .#¢. In addition, the pseudocode of our STEM is presented in
Algorithm

Algorithm 1 Pseudocode for training our STEM.

Input: Sources Df = { (sxf,y¥) }f.vjl, target D7 = {x,}Y.

Output: Classifiers 45, h”, source discriminator €, generator G.
1: for epoch in epochs do
2 for iter in iter_per_epoch do
3 Sample minibatches of sources {(sx*,y%)}"  and target {rx;} .
4: Update G, ,h5,h’ according to .
5 Update D by minimizing .#“.
6: end for
7: end for

5.4 Experiments

5.5 Experiments on Benchmark Datasets

This section describes our experiment settings. We compare our STEM with the state-of-the-art baselines
for MSDA on three benchmark datasets: Digits-five, Office-Caltech10, and DomainNet to demonstrate
its merits.

5.5.1 Experimental setup

Implementation detail. In the experiments, we use Adam optimizer (8; = 0.5, 8, = 0.999) [42] with
Polyak averaging [74] for Digits-five and Office-Caltech10, and the learning rate is set to 2 x 10~* and
1074, respectively. For DomainNet, we apply Stochastic Gradient Decent (SGD) [89] (learning rate =
5 x 1072, momentum = 0.9, decay rate = 5 x 10~*) to optimize the model.

For STEM, the trade-off hyper-parameter o is fixed to 1.0 in all experiments, while the parameters

(B,y) (with a recommended range of [10~%,1] for each parameter) are set to (0.1,0.1) for Digit-five,
(0.01,0.1) for Office-Caltech10, and (10~%,10~#) for DomainNet.
Performance comparison. Following the previous work [94], we conduct the experiments to evaluate the
model performance with the MSDA standards: (1) Single best: the highest classification accuracy among
single-source domain adaptation results; (2) Source combine: the result on single-source domain adapta-
tion where the source domain is a combination of multiple domains; (3) Multi-source: the evaluation of
the adaptation from multiple source domains to the target domain.

5.5.2 Experiment Results on Digits-five

Digits-five contains five common digit-datasets: MNIST [49], Synthetic Digits [21], MNISTM [21],
SVHN [63]], and USPS [40]. This is a benchmark dataset in MSDA, with ten classes corresponding to
the digits ranging from O to 9 in each domain. In each experiment on Digits-five, one domain will be
chosen as the target domain and the rest as the source domains.

In Table [8] we report the performance of our STEM compared with the baselines. Our STEM
outperforms the baselines on all transfer tasks. As far as we know, LtC-MSDA [94] is the current state-

of-the-art on Digits-five. Compared to this baseline, our STEM significantly surpasses some transfer
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Standard Methods —mm —mt —up —sv —sy Avg
Source-only 592 972 847 777 852 80.8
DAN [52] 63.8 963 942 625 854 804

S];r;gslte CORAL [88] 625 972 935 644 828 80.1
DANN [21] 713 976 923 635 854 820

ADDA [90] 716 979 928 755 865 84.8
Source-only 63.4 90.5 887 635 824 777

DAN [52] 679 975 935 678 869 827

Source  DANN [21] 708 979 935 685 874 836
Combine  JAN [53] 659 972 954 753 866 84.1
ADDA [90] 723 979 931 750 86.7 85.0

MCD [82] 725 962 953 789 875 86.1

MDAN [107] 695 980 924 692 874 833

DCTN [102] 705 962 928 77.6 868 848

Mu. M°SDAIT2l 728 984 961 813 89.6 877
Souce MDDA[IOS] 786 988 939 793 89.7 88.1

CMSS [106] 753 990 97.7 884 937 90.8
LtC-MSDA [94] 85.6 990 983 832 93.0 918
STEM (ours) 89.7 994 984 899 975 95.0

Table 8: Classification accuracy (%) on Digits-five.

Standard Methods W —=D —C —A Avg
Source Source-only 99.0 983 87.8 86.1 92.8
Combine  DAN [52] 993 982 89.7 948 955
Source-only 99.1 982 854 887 929
DAN [52] 99.5 99.1 892 91.6 948
DCTN [102] 994 99.0 90.2 927 953
JAN [55]] 994 994 912 91.8 955
MEDA [95] 993 99.2 914 929 957
MCD [82]] 99.5 99.1 915 921 956
M3SDA [72] 99.5 99.2 922 945 964
CMSS [106] 99.6 993 9377 96.6 97.2
STEM (ours) 100 100 94.2 984 98.2

Multi-
Source

Table 9: Classification accuracy (%) on Office-Caltech10 dataset.

tasks, i.e., —mm, —sv, and —sy by sizeable margins of 4.1%, 6.7%, and 4.5% respectively and rank
the first on average with a significant gap of 3.2%.

5.5.3 Experimental Results on Office-Caltech10

Office-Caltech10 [26] consists of four domains: Amazon (A), Caltech (C), DSLR (D), and Webcam (W).
There are ten categories in each domain, and the total number of images is 2,533. In this experiment,
we split the training and testing set with a ratio of 80% and 20%, respectively, and use ResNet-101 [31]]
pre-trained on ImageNet as a backbone.

In Table 9] we present the results of STEM and the baselines. Overall, it can be seen that our STEM
surpasses the baselines in all four settings and achieves 98.2% on average. Since the baselines already
achieve impressive performances on all adaptation tasks, it is hard to gain significant improvements.
However, on two adaptation tasks (i.e., =W and —D), our model yields impressive performances with
two perfect scores of 100%, while STEM also achieves remarkable improvements on the other tasks.
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Standard Methods —clp —inf —pnt —qdr —rel —skt Avg
Source-only 39.6 8.2 33.9 11.8 41.6 23.1 264
DAN [52] 39.1 114 333 16.2 421 29.7 28.6

Single RTN [54]] 353 107 317 13.1 406 265 263
Best JAN [55]] 35.3 9.1 325 143  43.1 257 26.7
DANN [21]] 379 114 339 137 415 286 278

ADDA [90] 395 145  29.1 149 419 30.7 284

MCD [82] 426 196 426 3.8 505 338 322

Source-only 476 130 38.1 133 519 337 329

DAN [52] 454 128 362 153 48.6 340 32.1

Source RTN [54]] 442 126 353 146 484 31.7 31.1
Combine JAN [55]] 409 11.1 354 12.1 458 323 296
DANN [21]] 455 131 37.0 132 489 31.8 326

ADDA [90] 475 114  36.7 147  49.1 335 322

MCD [82] 543 221 457 7.6 584 435 385

MDAN [107] 524 213 469 8.6 549 465 384

DCTN [102] 48.6 235 488 7.2 535 473 382

Multic M3SDA [72] 58.6 260 523 6.3 627 495 426
Source MDDA [108] 594 238 532 125 61.8 48.6 432

CMSS [106] 642 280 536 16.0 634 538 465
LtC-MSDA [94] 63.1 287 56.1 163 66.1 538 474
STEM (ours) 72.0 282 615 257 72,6 60.2 534

Table 10: Classification accuracy (%) on DomainNet dataset.

5.5.4 Experimental Results on DomainNet

DomainNet was first introduced in [[/2]] and has become the most challenging dataset in MSDA. It con-
sists of around 0.6 million images of 345 categories from 6 domains: clipart (clp), infograph (inf),
quickdraw (qdr), real (rel) and sketch (skt). Prominently, the high number of classes and enormous noise
in this dataset makes it challenging to gain satisfactory performances even when training and testing for
supervised classification tasks in an individual domain, especially the infograph domain. Moreover, a
significant difference in the distribution of each domain causes the domain shift problem when transfer-
ring knowledge. For all experiments on this dataset, we utilize ResNet-101 [31] pre-trained on ImageNet
as the backbone.

We compare STEM with the current state-of-the-art method which is LtC-MSDA [94]]. As shown
in Table our STEM exceeds LtC-MSDA on 5 out of 6 transfer tasks with significant improvements
of 8.9% on —clp task, 9.4% on —qdr task, and 6.5% on —rel task. Averagely, STEM also yields an
impressive improvement of 6.0%.

5.6 Ablation Study
5.6.1 Latent Space Visualization

The crucial factors for the success of our STEM include (i) the mix-up of target domain and the mixture
of source domains in the latent space and (i1) the target examples are located in their matching classes in
the source domains. To visually demonstrate why STEM can achieve good performances, we utilize t-
SNE [92] to visualize the representations of target and source examples in the latent space. It is noticeable
that in Figure (11| we visualize the case in which the target domain is USPS and the rest serves as source
domains. As shown in Figure (Left) wherein we visualize the mixture of source domains and the
target domain when the model is trained with source domains only. In Figure [T1] (Right), we show how
accurately the target examples match the classes in the source domains when training the model with
STEM approach. It is evident that our STEM forms source domains and target domain into the same
31
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Figure 11: The t-SNE visualization of the transfer task —up with label and domain information in two settings: Source-only
(left) and our STEM (right). Each color denotes a class while the circle and triangle markers represent the mixture of source
and target data respectively.

clusters and the target examples can find their matching classes in the source domains, hence the label
shift is mitigated. This explains the qualified performances of our STEM.

5.6.2 Simplified and Theoretical-Oriented Domain Discriminator ¢

We conduct an ablation study to compare two variants of the domain discriminator %: theoretical ori-
ented and simplified versions (see Section [5.3.6). As shown in Table [I] the simplified variant performs
better than the theoretical oriented one. We conjecture that this is because the simplified variant still
keeps the principal spirit of the theoretically oriented one, while much easier to train due to its simplic-
ity. Therefore, we select the simplified variant in all experiments.

Method mm —mt
Theoretical € | 86.8 99.1
Simplified € | 89.7 994

Table 11: Comparison of the theoretical oriented and simplified version of the proposed method

prat o gent | mm sup

83.04 96.86
v 86.25 96.11

v 8682 97.11
v V8971 9842

Table 12: Ablation study for the affection of VAT and entropy term.

5.6.3 Clustering Assumption Effect

We now speculate the effect of VAT and conditional entropy terms on our model performance. Accord-
ing to Table [I2] adding .#" (first row) or .#*" (second row) alone improves the performance, while
combining these two losses (third row) even boosts the performance further.
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Component | Digit-five Office-Caltechl0 DomainNet
h® 92.7 97.9 51.6
hT 95.0 97.9 53.4

Table 13: The comparison of teacher and student performance.

5.6.4 Teacher and Student Performances

We observe that the performance of the student 4’ totally depends on that of the teacher 45. In what
follows, we compare the performance of the teacher and student on the target domain. We report the av-
erage of the reacher and student’s accuracy scores for all transfer tasks regarding each dataset. As shown
in Table [I3] the student outperforms its teacher except for Office-Caltech10 dataset. This totally makes
sense because the student not only strictly imitates its teacher, but also is strengthened the generalization
ability by enforcing the clustering assumption (see Section [5.3.6).
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