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Abstract

We tackle a domain adaptation problem under partially
zero-shot setting. In this setting, a certain subset of classes
is missing in the unlabeled target data, while all classes ap-
pear in the labeled source data, and the goal is to discrim-
inate all classes at the target domain. To solve this prob-
lem, we utilize an adversarial training scheme and adopt in-
stance weighting to estimate the loss related to unavailable
target data in the missing classes. The instance weight is
computed on the basis of the prediction of deep neural net-
works, implying which instance would be similar to unseen
data and having useful information for the loss estimation.
This estimation makes it possible to explicitly consider all
classes during the domain adaptation training even in the
partially zero-shot setting, which leads to accurate adap-
tation between domains. Experimental results with several
benchmark datasets validate the advantage of our method.

1. Introduction

The latest deep neural networks (DNN5s) exhibit promis-
ing performance in various applications [10], such as image
classification, audio recognition, and robotics. One of the
key factors of their success is the availability of large-scale
training datasets. Since a DNN has extremely high flexi-
bility, a tremendous number of training data are required to
utilize its full potential capability. However, obtaining such
large-scale datasets may be typically hard in practical cases,
therefore it has become a large obstacle to develop practical
products or solutions using DNNs. To solve this problem,
many researchers have worked on transfer learning [17] that
enables us to reduce the number of training data by transfer-
ring knowledge or data from other related domains. In this
paper, we focus on domain adaptation [6] that is one of the
most popular methods for transfer learning.
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Domain adaptation basically aims to match data distribu-
tions between the source and target domains so that a classi-
fier trained on the matched source data performs well on the
target data [6]. Due to the motivation of the domain adapta-
tion, the amount of the target data is often small, which re-
sults in insufficient variation of the target data to be matched
with the source data. A possible and important situation
we want to focus on in this paper is that, in classification
tasks, unlabeled target data do not cover a certain subset of
class candidates (we call them missing classes), while la-
beled source data include enough data from all classes. We
call this problem setting “partially zero-shot domain adap-
tation.”

Suppose we want to detect anomalous behavior from
surveillance videos by action recognition. Here, the action
recognition is required to discriminate anomalous actions
(e.g., fighting or falling down) as well as normal actions
(e.g., walking or standing). When we have already con-
structed a training dataset for this recognition task at a cer-
tain surveillance camera, we can transfer it to a new camera
at a different location by conducting the domain adaptation.
In this case, unlabeled target data obtained by the new cam-
era may not contain any anomalous actions, because such
actions are rare. Although we have no annotations for the
target data, we can guarantee that the target data do not con-
tain the anomaly, if we know that any incident did not oc-
cur at the surveillance area while obtaining the target data.
In this setting, standard domain adaptation methods would
fail, because the source data that correspond to the missing
classes do not have appropriate target data to be matched,
and we cannot essentially match the source data with the
target data as a whole. Generally, such a situation can ap-
pear if the class candidates have higher level groups (e.g.,
normal vs. anomalous actions) or a hierarchical structure.
In that case, the target data may be only obtained at a subset
of classes, and several classes are missing.

In this paper, we propose a novel method for the par-
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tially zero-shot domain adaptation. We adopt an adversarial
training scheme that is widely used in the existing domain
adaptation methods and extend it so that it can explicitly
match the source data of the missing classes with the corre-
sponding unseen target data. To this end, we consider the
weighted loss of the given data instead of the loss of the
unseen target data. By appropriately setting the instance
weight based on the posterior estimated by DNNs, we can
conduct accurate domain adaptation even though we do not
have target data of the missing classes. Experimental results
with several benchmark datasets validate the advantage of
our method over both a standard domain adaptation method
and a state-of-the-art partial domain adaptation method.

2. Related works

Domain adaptation is one of the most important prob-
lems in the field of machine learning as well as pattern
recognition, and there is a large body of literature on this
topic [6]. Recently, the feature-transform based approach
[16, 9, 7, 8, 2, 23, 14, 20] has been typically adopted. In
this approach, domain adaptation is achieved by embedding
both domain data to a common feature space in which the
distributions of both data are matched. Pioneering works
[16, 9, 7] used a linear or kernel model for the feature em-
bedding, while deep neural networks [8, 2, 23, 14, 20] have
become quite popular in these days.

In this paper, we focus on the partially zero-shot setting
where a certain subset of classes is missing in the unlabeled
target data. A similar situation to ours was considered in
several recent studies. The most related study is partial do-
main adaptation [24, 3, 4], and it considered the missing
class in the source domain as an outlier class that we can ig-
nore in classification. Our setting can be also considered as
an extreme case of the domain adaptation with a class prior
shift [25, 5] where the priors corresponding to the missing
classes are set to zero at the target domain. In open-set do-
main adaptation [18, 21, 1], several unknown classes appear
only at the target domain, while some classes are missing
at the target domain in our setting. All the above existing
works cannot solve our problem, because they cannot ex-
plicitly match the source data of missing classes with cor-
responding unseen target data, which results in poor perfor-
mance of the classifier with the missing class data. Since
we want to discriminate all classes included in the source
data at the target domain, we need to consider how to match
the missing class data between both domains.

3. Partially zero-shot domain adaptation

In this section, we propose a novel method for partially
zero-shot domain adaptation. First, we introduce a baseline
method of domain adaptation shown in Fig. 1(a). By adopt-
ing instance weights estimated by the outputs of the classi-
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Figure 1. Comparison of the architecture for domain adaptation
between (a) the baseline method and (b) the proposed method.

fier and domain discriminator as shown in Fig. 1(b), we for-
mulate our partially zero-shot domain adaptation method.
For this formulation, we assume a binary classification at
first and will extend it to a multi-class classification later.

3.1. Baseline method

As a baseline method, we introduce Domain Adversarial
Neural Networks (DANN) [8] that is one of the most pop-
ular domain adaptation methods based on adversarial train-
ing. Letz € R™,y € C and d € {S, T} denote input data,
labels, and domains, respectively, where m is the dimen-
sionality of the input data, C' is the set of the class candi-
dates, S represents the source domain, and T represents the
target domain. In DANN, we jointly train feature extractor
Gy :R™ — Rm/, classifier Gy, : R™ — C, and domain
discriminator Gy : R™ — {S, T} based on two kinds of
losses. The first loss is a classification loss that penalizes
misclassification of the classifier:

Z/%(%W)p(%y)dm, (1)

by(2,9l0) = Lep(Gy(Gyp(z;:05):0y),9), ()

where 6 is a set of trainable parameters of DNNs and /.,
is a loss function for the class prediction. In DANN, the
standard cross-entropy loss is used for £.,. Since we train
three networks G, G, and G4, we have three sets of pa-

Ly(0)
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Figure 2. Loss calculation in the proposed method under a binary
classification setting.

rameters: 6 = {6;,6,,04}. The second loss is a domain
discrimination loss that penalizes mis-discrimination of the
domain discriminator:

La®) = % / to(e, dB)p(z, d)dz, ()
d

Lap(Ga(Gy(x;05);04),d),  (4)

where /g4, is a loss function for the domain prediction. In
DANN, a logistic loss is used for {g,. Finally, training
DANN is formulated as the following optimization:

Ca(z,d)f) =

E(0) L,(0) — ALq(0), (5)
05 = arg max E(9), (6)
(9;, 9;) = arg enfruari E(9). @)

The optimization in Eq. (6) aims to discriminate domains
of the input data by G4, while that in Eq. (7) aims to fool
Gq by G ¢ as well as accurately classifying the data by G.
As aresult, Gy (z;0}) becomes good feature embedding for
domain adaptation, because it would be easy to classify as
well as hard to discriminate domains.

3.2. Instance weighting for partially zero-shot do-
main adaptation

In this subsection, we formulate a novel method for par-
tially zero-shot domain adaptation. In our scenario, a cer-

tain class (or classes) does not appear in the target data. For
the moment, to make our formulation simple, we assume
binary classification (y € {P,N}: positive class vs. nega-
tive class). Note that we will extend our method to multi-
class classification in Section 3.3 and that experiments will
also be carried out for multi-class problems. Without loss
of generality, we can consider that the negative class does
not appear in the target data. In this subsection, first, we
deform the domain discrimination loss Ly in Eq. (3) and
clarify what problem will happen in our scenario when we
use the standard domain adaptation method (Section 3.2.1).
Then, we present a key trick of how to avoid the problem in
our novel domain adaptation method (Section 3.2.2), which
is instance weighting based on the class posterior p(y|x) as
shown in Fig. 2(a). The same trick will be also adopted for
classification loss (Section 3.2.3), which results in instance
weighting based on the domain posterior p(d|z) as shown
in Fig. 2(b). Finally, we formulate the overall optimization
for our domain adaptation (Section 3.2.4).

3.2.1 The problem of the baseline method under the
partially zero-shot setting

To clarify the problem in our scenario, we rewrite L4 in Eq.
(3) as follows:

La(0) = Z/ﬁd(w,d; 0) (Zp(x,yvd)> dz
d y
= 7ps / Cale, S 0)plaly = P,d = S)de
+7Ns /€d(m, S;0)p(z|ly = N,d = S)dx
+7TpT /Ed(x, T;0)p(z|ly = P,d = T)dx

+7TNT/€d(x7T; 9)p<$|y = N7d = T)dl‘, (8)

where 7., = p(y = -,d = *). These four terms correspond
to the domain discrimination losses for the source positive
data, source negative data, target positive data, and target
negative data, respectively. Since we do not have any target
negative data, we cannot calculate the fourth term. If we ig-
nore the fourth term by setting T to be zero, the negative
data only appear in the second term. It means that, if G ()
is easy to classify, G4 can easily discriminate the domain of
the negative data by just predicting as the source domain.
Consequently, to fool G4, we need to make G y(z) hard to
classify, which results in poor classification performance.

3.2.2 Instance weighting for domain discrimination
loss

To avoid the above-mentioned problem, we need to calcu-
late the fourth term in Eq. (8) without the target negative
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data. Inspired by positive confidence learning [11], we esti-
mate the value of that term based on the target positive data
by adopting instance weights as

TNT / La(z, T;0)p(xly=N,d=T)dx

= 7pr gwdwd(w;e>p<x\y:P,d:T>dx,<9>

where wgq(z) is the instance weight that can be defined as

plzly=N,d=T)
p(zly=P,d=T)

wq(x) (10)

By using Bayes’ theorem and assuming the covariate shift
condition [22], p(y|z,d = S) = p(ylz,d = T) = p(y|x),
we can rewrite the weight as follows:

p(y = Nlz,d = T)p(d = T|z)p(z)
ply=N,d=T)

_ ply=P,d=T)

p(y = Plz,d = T)p(d = T|z)p(z)

ply=P,d=T) p(y=Nlz,d=T)

ply=N,d=T) p(y=Plzr,d=T)

mpr  p(y = Nlz)

— . 11
ant  p(y = Plz) (v

wg(z) =

If we empirically estimate 7wy, it should be zero and the
weight diverges. Therefore, we regard myt and 7pT as
hyper-parameters in our method. In this paper, we set them
as nyt = 7ns and mp = wps. This setting corresponds
to the assumption where p(d = S) is equal to p(d = T)
and the class prior does not change between the source and
target domains. Based on this assumption, Eq. (11) can be
rewritten as the following equation:

_ply=Pld=5) ply=Nlx)
p(y=Nld=S) p(y=Plz)’

In the above equation, p(y|d = S) is the class prior of the
source data, therefore, it can be easily estimated by using
the source data. On the other hand, p(y|z) is the class poste-
rior, and how to obtain it is not a trivial problem. In [11], the
posterior is assumed to be given, but it is not a reasonable
assumption in domain adaptation problems, so we need to
estimate it. Fortunately, in DANN, we jointly train the clas-
sifier as well as the domain discriminator, and the output
of the classifier is a probability distribution over the class
candidates, which can be used as the class posterior like in
[24]. We use the output of the classifier instead of the class
posterior to calculate the instance weight in Eq. (12).

By substituting Eq. (12) into Eq. (9) and using it in-
stead of the fourth term in Eq. (8), we can obtain a new
formulation of the domain discrimination loss L that can

wq(x) (12)

be calculated without the target negative data as
Ly (0)=mps /Ed(x, S; 0)pps(z)dx

+7NS /fd(.’ﬂ, S; e)pNS (ZL’)d(L’

TPS

—|—7Tps/<1+7rNS1Dd(a:)>£d(x,T;G)ppT(m)dx, (13)

where w,4(x) is the instance weight in Eq. (12) calculated
by the output of the classifier, and p., (x) represents p(z|y =
L d=%).

3.2.3 Instance weighting for classification loss

Since we assume binary classification, we can know that
the target data are all positive data, which should be useful
information for training the classifier. However, if we use
the target data to calculate the classification loss L, the
similar problem will happen as we have previously shown
in the case of the domain discrimination loss. As in Eq. (8),
we can decompose L, in Eq. (1) as follows:

L,9) = mps /Ey(x,P;G)pps(z)dm
+7NS /Ky(x,N; 0)pns(x)dx
+7rpT/€y(x7P;9)ppT(x)da:
e / 0 (. N; O)pur(z)de.  (14)

Again, we cannot calculate the fourth term in Eq. (14).
Compared with the previous case, it seems not so problem-
atic, because we do not fool the classifier. Even though the
target data can be easily classified into the negative class in
this case, it does not directly affect the training of DANN.
However, since it leads to over-estimation of the perfor-
mance of the classifier, it would disturb the training of the
classifier. Therefore, we also adopt the instance weight to
estimate the loss for the target negative data. In this case,
we estimate the loss value based on the source negative data
as

/fy(%N;G)pNT(x)dx :/wy (2)ly(x,N;0)pns (z)da, (15)

where w,, () is the instance weight that can be defined in a
similar manner to Eq. (11), which results in

_ TNs p(d="T|z) _p(d=Tlz)
e = e pd=8) ~ pd=9) O

Since we have already assumed mng = 7N, ;rNii was elim-
inated. Unlike the case of the domain discrimination loss,
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we need the domain posterior p(d|z) instead of the class
posterior to calculate the instance weights. Similarly to the
class posterior, we use the output of the domain discrimina-
tor as an estimate of the domain posterior. By substituting
Eq. (16) into Eq. (15) and using it instead of the fourth
term in Eq. (14), we obtain a new formulation of the clas-
sification loss Ly’ that can be calculated without the target
negative data:

Ly (9) TPS /Zy(x, P; 0)pps(z)dx

+ WNS/(I—&-wy(:c))fy(x,N;H)pNs(a:)dx
+ WPs/ﬁy(x,Pﬂ)ppT(x)dw, 17)

where 0, () represents the instance weight in Eq. (16) cal-
culated by the output of the domain discriminator.

3.2.4 Adversarial training for partially zero-shot do-
main adaptation

Since we have already derived a new domain discrimination
loss and a classification loss that can be calculated with-
out the target negative data, we can train DNNs based on
these losses for the partially zero-shot domain adaptation.
In a similar manner with DANN, we formulate our domain
adaptation as follows:

EY(0) = Ly(0) = AL (0), (18)
05, = arg max E¥(0), (19)

d
(07,05) = arg 6I‘Ifn@2 E*(0). (20)

The above optimization seems to be the same as that of
the baseline method, but, by adopting appropriate instance
weights, we can accurately conduct domain adaptation,
even though we do not have any target negative data.

3.3. Extension to multi-class classification

In the case of binary classification, only one of the
classes does not appear in the target data. On the other hand,
in the case of multi-class classification, multiple classes can
disappear in the target data. Let A and M denote a set of
classes that appear in the target data and a set of classes
that do not appear, respectively. By using y € A instead of
y = Pand y € M instead of y = N, we can derive our
method under multi-class classification setting in a similar
manner to what we have shown in the previous subsection.
For the domain discrimination loss, the instance weight in
Eq. (12) is formulated as

_plyeAld=S) p(y € M|z)
wa®) = e M=) plye A Y

Using this weight, we can derive the domain discrimination
loss for multi-class classification setting as

Ly (0)= WAS/Kd(x, S; 0)pas(x)dx
+7TMS/€d(x, S; 0)pums (z)dx

+7TAS/(1+7:ZI:LDd(x)> Lq(2,T;0)par(x)da, (22)
where .. = p(y € -,d = %), p..(z) = p(zly € -,d = %),
and w,4(x) is the instance weight in Eq. (21) calculated by
the output of the classifier. Since ¢; does not depend on y,
how to calculate the domain discrimination loss is almost
the same as that for binary classification setting. On the
other hand, in the case of the classification loss, it becomes
somewhat different. The instance weight for the classifica-
tion loss in Eq. (16) stays same, because it does not depend
on y. However, the classification loss is changed to

LY(0)=masy / 0y (2,0 0)pis (x)dz

€A

s Y [y (@) 62,5 Opys (o)

jeM
—|—7TAS/Zy(ac, A; O)par(x)de. (23)

For the first and second terms in the right-hand side of Eq.
(23), we can easily calculate £,, because the labels are pro-
vided in the source data. However, for the third term, since
there are no labels in the target data, we cannot calculate ¢,
in the same way as that in the first and second terms. Con-
sidering that £, is the cross entropy loss, we adopt simple
extension of the loss function as

Cy(x,A;0) = —log > p(yla;0), (24)

yeA

where p(y|z; 6) is the output of the classifier when the input
is « and the parameters of DNNs are set to 6.

3.4. Implementation details

Our partially zero-shot domain adaptation adopts the in-
stance weight to calculate the losses, and the weight is cal-
culated by taking the ratio between the outputs of the clas-
sifier or those of the domain discriminator as shown in Egs.
(12) and (16), respectively. In the early stage of training
DNNs, these outputs are often inaccurate, and this error
would be magnified by taking the ratio, which results in
quite inaccurate estimation of the weight that can severely
damage the training process. Since evaluating how accu-
rate the weights are is hard, we suppress the influence of
the weight to alleviate this problem by two heuristic tech-
niques. For simplicity, we explain these techniques for the
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binary classification case, but the same ones can be also ap-
plied in the multi-class classification case. First, to avoid
extremely large weights, we clip the weight to be less than
a certain upper bound:

v | ply=Pld=S) p(y=N|z;0)

wgq(x) = min {a, Py=N[d=9) 'ﬁ(y:P|w;9)+J ,(25)
) . p(d =T|x;0)

Wy () =min {a, pA—(d — S 0) + J , (26)

where a represents the upper bound of the weight. Here, a
small positive constant € is also introduced to avoid compu-
tational instability. In this paper, we set @ = 5 and e = 0.01,
and they are fixed in all experiments. Second, to suppress
the influence of the weighted losses, we reduce the contri-
bution of the loss that stems from the target negative data by
using Swg4(x) and S, (x) instead of wq(x) and Wy (x) to
calculate Ly in Eq. (13) and L,/ in Eq. (17), respectively.
The coefficient 8 (0 < 8 < 1) represents the confidence of
the loss from the target negative data, and we set it to 1/«
in all experiments, which means that we allow the influence
of the loss from the unseen target-negative data at most the
same as that from the available target-positive data.

4. Experiments

We conducted experiments with several datasets that are
commonly used to benchmark domain adaptation methods
in existing works. Specifically, we used digit classification
datasets (MNIST [13], MNIST-M [8], and SVHN [15]) and
an object recognition dataset (Office-31 dataset [19]). To
make partially zero-shot setting, we chose a certain num-
ber of missing classes from the dataset with alphabetical
order of class name and did not use corresponding target
data while training. Note that the missing-class data do not
appear in the training data of the target domain but are in-
cluded in the test data. After training, we applied the trained
classifier to the test data of the target domain and evalu-
ated its accuracy to compare the performance of the domain
adaptation methods.

For comparison, we used DNN trained with only source
data (without domain adaptation) and DANN [8] as base-
line methods and Partial Adversarial Domain Adaptation
(PADA) [4] as a state-of-the-art partial domain adaptation
method that are most related to our work. In PADA, the
class-wise instance weight is set to be proportional to the
average of the classifier predictions over the target data and
is used when calculating the losses. This instance weight-
ing enables one to ignore the missing-class data, because
the missing class would be rarely predicted. Since PADA
ignores the missing-class data in the classification loss as
well as in the domain discrimination loss, it would result
in poor classification performance in our scenario in which
the missing class will appear in test data. Therefore, we also
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(c) SVHN
Figure 3. Example images of MNIST, MNIST-M, and SVHN.

(a) MNIST (b) MNIST-M

Table 1. The network architecture used for the domain adaptation
from MNIST to MNIST-M. MP2, BN, and FC denote 2 x 2 max-
pooling, batch normalization, and a fully-connected layer, respec-
tively.

Feature extractor
Layer type Filter size / # Filters
conv. + ReLU 5x5/32
MP2 + BN 2x2/32
conv. + ReLU 5x5/48
MP2 + BN 2x2/48
Classifier Domain discriminator
FC+ReLU | 1/100 FC £ ReLU 17100
FC+ReLU | 1/100 FC + sigmoid 71
FC + softmax | 1/10

compared a variant of PADA that ignores the missing class
only in the domain discrimination loss but does not ignore
it in the classification loss. This method is referred to as
the PADA-classifier in [4]. For each method, we conducted
experiments five times with random initialization of DNNs
and will report their averaged accuracy.

Another possible choice of partial domain adaptation
methods is Importance Weighted Adversarial Nets (IWAN)
[24]. However, IWAN is not essentially suitable for par-
tially zero-shot setting. Since IWAN adopts two separate
feature extractors for each domain, the missing class data
are never learned while training of the target-side feature
extractor. It results in poor classification performance in our
scenario, and we cannot easily avoid this problem. There-
fore, we did not include IWAN in our experiment.

4.1. Digit classification

MNIST, MNIST-M, and SVHN are digit image datasets,
and the task is to classify these images into ten classes
that correspond to digit numbers. Example images of each
dataset are shown in Fig. 3. In the experiments, we tried
two popular domain adaptation scenarios: from MNIST to
MNIST-M and from SVHN to MNIST. Since MNIST-M
images are made by artificially synthesizing MNIST images
with background extracted from natural images, domain
adaptation between MNIST and MNIST-M is relatively
easy. On the other hand, SVHN and MNIST images are col-
lected at totally different environment. Therefore, these im-
ages have largely different appearance to each other, which
makes the domain adaptation harder. We almost followed
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Figure 4. Accuracy on the test data of the target domain while training adaptation from MNIST to MNIST-M. Solid line represents the

averaged accuracy, and shaded area represents +20.

Table 2. The network architecture used for the domain adaptation
from SVHN to MNIST. MP3s2, BN, and FC denote 3 X 3 max-
pooling with stride 2, batch normalization, and a fully-connected
layer, respectively.

Feature extractor
Layer type Filter size / # Filters
BN + conv. + ReLU 5x5/64
MP3s2 + BN 3x3/64
conv. + ReLU 5x5/64
MP3s2 + BN 3x3/64
conv. + ReLU + BN 5x5/128
Classifier Domain discriminator
FC + ReLU 1/500 FC+ RelLU 17100
FC + ReLU 1/500 FC + sigmoid 71
FC + softmax | 1/10

the same setup for the experiments in [8]. The network ar-
chitectures are shown in Table 1 and 2, respectively. These
networks are trained by the stochastic gradient descent with
momentum. The size of mini-batch was set to 128. Its half
is for the source data, and the rest is for the target data. The
momentum was set to 0.9, and the learning rate was de-
cayed while training as u = po/ (1 + ap)ﬁ , where p is the
training progress linearly changing from 0 to 1, yo = 0.01,
a = 10, and # = 0.75. The hyper-parameter A in Eq. (18)
was set to 1, but, for training feature extractor, we adopt
gradually changing A\, as A\, = 2/(1 4+ exp(—yp)) — 1,
where v was set to 10. For fair comparison, we used dou-
bled value of the above equation as A in our method to
match the contribution of the original discrimination loss
of the target data between our method and the other meth-
ods. For the partially zero-shot setting, we evaluated the
accuracy with varying the number of missing classes.

Table 3 shows the experimental results of the adaptation
from MNIST to MNIST-M. When the number of the miss-
ing classes is zero, which corresponds to the standard set-
ting of existing domain adaptation methods, DANN works

Table 3. Experimental results of domain adaptation from MNIST
o MNIST-M.

The number of missing classes
0 3 5 7 9
26.7% - - - -

Source only

DANN 85.2% 64.9% 51.7% 32.6% 24.7%
PADA - 65.5% 58.8% 50.0% 27.1%
PADA-classifier - 70.1% 57.9% 56.4% 36.8%
Proposed method - 855% 854% 81.0% 52.2%

Table 4. Experimental results of domain adaptation from SVHN to
MNIST.

The number of missing classes

0 3 5 7 9
634% - - - -
67.8% 66.5% 67.6% 66.7% 62.5%

Source only

DANN

PADA - 547% 58.3% 59.9% 49.0%
PADA-classifier - 66.0% 66.6% 64.8% 64.1%
Proposed method - 67.2% 69.0% 58.1% 62.2%

well and substantially increases the accuracy from 26.7%
to 85.2%. As increasing the number of the missing classes,
the performance of DANN becomes deteriorated and even
worse than that of source only case when nine classes dis-
appear in the target data. This is because DANN hopelessly
tries to match the distribution of the source data with that of
the target data as a whole even though the source data of the
missing class do not have appropriate data to be matched
due to lack of the missing class in the target data. On the
other hand, PADA and PADA-classifier actively ignore the
missing class while domain adaptation, which results in bet-
ter performance than DANN under the partially zero-shot
setting. PADA-classifier performs better than PADA, be-
cause it does not ignore the missing-class data when calcu-
lating the classification loss. Compared with these meth-
ods, our method achieves much better performance, be-
cause it explicitly considers the loss of unseen target data of
the missing classes for domain adaptation, while the other
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(b) DSLR (¢) Webcam
Figure 5. Example images of Office-31 dataset.

(a) Amazon

methods do not. Amazingly, the proposed method keeps
almost same accuracy with the standard adaptation setting
even when a half of classes do not appear in the target data.

The test accuracy while training is shown in Fig. 4.
When there is no missing class, the test accuracy of DANN
gradually increases while training and converges to a certain
level in the end as shown in Fig. 4(a). On the other hand, in
partially zero-shot setting, the accuracy of DANN does not
substantially increase and even decrease when seven classes
are missing. PADA works slightly better than DANN, but
its accuracy fluctuates when the number of missing classes
is large as shown in Fig. 4(c). This is because PADA tries to
ignore the missing-class data while training, which results
in instable accuracy on the missing classes in the test data.
Compared with PADA, the proposed method show better
and more stable performance due to considering the miss-
ing class in the calculation of the losses. Specifically, the
proposed method behaves almost same as DANN with no
missing classes, even when seven classes are missing.

Table 4 shows the results of the adaptation from SVHN
to MNIST. All methods except for our method behaved sim-
ilar to those in the previous experiment, but our method gets
relatively worse when the number of the missing classes be-
comes large. Considering that PADA-classifier that adopts
the class posterior to calculate the loss works well, this is
probably because the estimation error of the domain poste-
rior becomes quite large due to the large discrepancy be-
tween SVHN and MNIST as well as a large amount of
missing-class data. In addition, our assumption on the class
prior in Eq. (12) is violated in this experiment. The num-
ber of training data is almost balanced between classes in
MNIST, but it largely varies in SVHN, which results in the
change of the class prior.

4.2. Object recognition

The Office-31 dataset is one of the most popular datasets
specialized for benchmarking domain adaptation methods.
This dataset contains object images with 31 categories, and
three domains are defined: Amazon, DSLR, and webcam.
Example images in each domain are shown in Fig. 5.
We can consider six scenarios of domain adaptation in this
dataset, but we focus on the most difficult two scenarios that
are from Amazon to webcam and from Amazon to DSLR.
This is because DSLR and webcam are relatively similar to

Table 5. Experimental results of domain adaptation from Amazon
to webcam in Office-31 dataset.
The number of missing classes

0 10 20
Source only 61.5% - -
DANN 70.1% 61.3% 52.4%
PADA - 62.9% 31.6%
PADA-classifier - 65.6% 55.3%
Proposed method - 68.2% 63.5%

Table 6. Experimental results of domain adaptation from Amazon
to DSLR in Office-31 dataset.
The number of missing classes

0 10 20
Source only 66.3% - -
DANN 71.1% 62.2% 54.2%
PADA - 64.2% 23.4%
PADA -classifier - 67.9% 59.9%
Proposed method - 69.2% 70.0%

each other and the effect of the original DANN is marginal
(e.g. 96.1% — 96.4% in the case of DSLR-to-webcam re-
ported in [8]). We also follow the same experimental setup
with [8]. We used AlexNet pretained with ImageNet [12] to
construct the initial feature extractor by removing the out-
put layer and adding the 256-dimensional bottleneck. For
the classifier and the domain discriminator, we used a sin-
gle fully-connected layer (256 — 31) and a fully-connected
network with two hidden layers (256 — 1024 — 1024 —
1). The learning rate for the pretrained layers is set to be
ten times smaller than the other layers. The other setting is
same as that in the previous experiment.

Table 5 and 6 show the results with Office-31 dataset. As
in the previous experiment, the proposed method achieves
substantially better performance than the other methods.
Even when a large proportion of the classes, such as twenty
out of thirty one, does not appear in the target data, our
method achieves better performance than source only case
and does not fall into negative transfer.

5. Conclusion

We proposed a novel domain adaptation method de-
signed for partial zero-shot scenario. In this scenario, a cer-
tain subset of classes only appear in the source data but do
not appear in the target data, while we want to discrimi-
nate all classes at the target data after the domain adapta-
tion. We derived how to estimate losses of unseen missing-
class target data by adopting the instance weights that are
estimated based on the outputs of DNNs. In the experi-
ments, our method has shown excellent performance under
partially zero-shot setting compared with existing domain
adaptation methods.
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