J. CHOI, M. JEONG, T. KIM, C. KIM: SUPPLEMENTARY MATERIAL

1

Supplementary material for
"Pseudo-Labeling Curriculum for
Unsupervised Domain Adaptation"
Jaehoon Choi

School of Electrical Engineering
Korea Advanced Institute of Science
and Technology (KAIST)
Daejeon, Korea

whdns44@kaist.ac.kr

Minki Jeong
rhm033@kaist.ac.kr

Taekyung Kim
tkkim93@kaist.ac.kr

Changick Kim
changick@kaist.ac.kr

A

Theoretical Analysis

We introduce an existing domain adaptation theory [1] to gain insight into the meaning of
our method.
Theorem 1. [1] Let H be the hypothesis class and let (S, εS ) and (T , εT ) be two domains
and their corresponding expected error functions. Then,
1
∀h ∈ H, εT (h) ≤ εS (h) + dH∆H (S, T ) + C .
2

(1)

The theorem points out that the expected error of h on the target samples is bounded by
three terms. First, εS (h) is the expected error of h on the source samples. Second, dH∆H
denotes a divergence measure between source and target domains with respect to a hypothesis set H. Third, C denotes the shared error of the ideal joint hypothesis. Given labeled
data for source samples, we can easily minimize εS (h) by using the deep neural network.
Also, many previous approaches such as the adversarial network for domain adaptation are
expected to reduce dH∆H significantly. However, these networks ignore the effect of the
shared error C. As pointed out in [4] and [5], we can not disregard C, which is defined as
C = minh∈H εS (h, fS ) + εT (h, fT ). fS and fT are labeling functions for respective domains
S and T . From the derivation of theorem 1 in [4], we can state that the following inequality
holds:
C = min εS (h, fS ) + εT (h, fT ) ≤ min εS (h, fS ) + εTl (h, fT ) + ρ = C 0 + ρ ,
h∈H

h∈H

(2)

t
where Tl = {(xi , ŷi )}ni=1
is a data subset composed of target samples with pseudo-labels
and ρ is the probability of assigning false labels for target samples. We utilize the triangle
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inequality for classification error [2], which implies that for any labeling functions f1 , f2 ,
and f3 , we have ε( f1 , f2 ) ≤ ε( f1 , f3 ) + ε( f2 , f3 ). Then,
C 0 = min εS (h, fS ) + εTl (h, fT ) ≤ min εS (h, fS ) + εTl (h, fT̂ ) + εTl ( fT , fT̂ ) ,
h∈H

h∈H

(3)

where fT̂ is a pseudo-labeling function for a data subset T̂ included in all target samples. Our method can easily minimize εS (h, fS ) and εTl ( fT , fT̂ ) by using source labels
and pseudo-labels for target samples. Thus, we need to focus on how to minimize the third
term εTl ( fT , fT̂ ) in the right side of Eq. (3) so as to minimize the upper bound of the C 0 . By
the definition of the expected error, the third term denotes the disagreement between fT and
fT̂ on target samples with pseudo-labels. We can decompose the labeling function f into the
feature extractor G f and the classifier C. Let us denote the 0-1 loss function by l(·).
εTl ( fT , fT̂ ) = Ex∼Tl [l( fT , fT̂ )]
= Ex∼Tl [|l(CT (G f (x)),CT̂ (G f (x)))|] .

(4)

We seek to train CT̂ to output the same prediction results as CT predicts given target inputs.
As such, CT̂ , which is trained by T̂ , is required to predict the target samples in T̂ as the
ground truth labels. In order to minimize εTl , it is significant to select reliable pseudo-labels
for learning desirable CT̂ . Our method is consistent with this theoretical analysis in the
sense that we attempt to iteratively generate reliable pseudo-labels according to the pseudolabeling curriculum.

B

Additional Explanations for Section 3.3

In this section, we provide details of the training process in Section 3.3. In particular, we need
to delineate the third and last stage of the training procedure. According to the terminology
in Section 3.1, the loss function of the third stage, which we add moderate samples Dm =
Nm
{(xi , ŷi )}i=1
into the training process, is defined as

J3 (θ f , θd , θs , θt ) =
+

1 Ns
∑ Ly (Cs (G f (xi )), yi )
Ns i=1
Ne +Nm
1
∑ Ly (Ct (G f (xi ), ŷi )
Ne + Nm i=1

Ns +Ne
λ
−
∑ Ld (Gd (G f (xi ), di )
Ns + Ne i=1

−

(5)

λ Nm
∑ β Ld (Gd (G f (xi ), di ) ,
Nm i=1

where β is the same value as one in the second stage. It also enforces the feature extractor
to produce domain-invariant features for newly added moderate samples Dm .
Nh
In the last stage, we add hard samples Dh = {(xi , ŷi )}i=1
into the training process. Since
target dataset consists of easy, moderate and hard data subsets, we can handle all target
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samples with corresponding pseudo labels. The loss function of the last stage is given by
1 Ns
∑ Ly (Cs (G f (xi )), yi )
Ns i=1

J4 (θ f , θd , θs , θt ) =
+

Ne +Nm +Nh
1
∑ Ly (Ct (G f (xi )), ŷi )
Ne + Nm + Nh
i=1

Ns +Ne +Nm
λ
−
∑ Ld (Gd (G f (xi )), di )
Ns + Ne + Nm
i=1

−

C

(6)

λ Nh
∑ β Ld (Gd (G f (xi )), di ) ,
Nh i=1

Convergence

(a) Convergence

(b) # of samples (D → A)

Figure 1: (a) is the convergence performance. (b) shows the number of easy, moderate, and
hard samples at different training epochs.
Since our model includes the adversarial network, we need to testify the convergence
performance. We compare our method with DANN [3]. Figure 1 shows the test accuracies
of both DANN and our method on D→A task. We find that our approach PCDA converges
faster than DANN.

D

Training Details

All our experiments are implemented by the PyTorch. Since our base network for the feature
extractor is the ResNet-50, we use features with 2048 units after the average pooling layer as
inputs to the domain discriminator, source, and target classifiers. The domain discriminator
consists of three fully connected layers (Input → 1024 → 1024 → 1). We define an epoch
as one pass through all source data samples. Other hyperparameters are already written in
Section 4.1.
Office-31. In the first stage, we train the feature extractor, the source classifier and the
domain discriminator during the first 10 epochs. We add new target data subsets De , Dm , and
Dh at 10, 20, and 30 epochs. We train for 120 epochs over the whole training process.
ImageCLEF-DA. We train 3 epochs for the feature extractor, the source classifier and
the domain discriminator in the first stage. We provide target data subsets De , Dm , and Dh at
3, 6, and 9 epochs. We train for 50 epochs over the whole training process.
Office-Home. We train our model except for the target classifier for 10 epochs. We add
new target data subsets De , Dm , and Dh at 10, 25, and 40 epochs. We train 120 epochs for
the whole training process.
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Algorithm

In this section, we summarize the proposed iterative training procedure as a pseudocode in
Algorithm 1. As mentioned in Section 3.2, we set the number of clusters (data subsets) P to
3 in all our experiments.
Algorithm 1 E denotes the number of epochs of each training stage. The function Clustering
means the density-based clustering. P is the number of data subsets. In all our experiments,
we set P to 3.
s
t
Input: Source DS ={(xi , yi )}Ni=1
, Target DT ={(xi )}Ni=1
for epoch ← 1, 2, · · · , E do
Train G f , Gd , Cs with mini-batch from DS and DT by optimizing Eq. (1) in Section
3.1.
end for
for j = 1 to P do
for epoch ← 1, 2, · · · , E do
if j = 1 then
Assign pseudo-labels ŷi t for DT by using Cs
else
Assign pseudo-labels ŷi t for DT by using Ct
end if
D1 , D2 , · · · , DP = Clustering(G f , DT )
Tl = D1 ∪ D2 · · · ∪ D j
while available batches in DS do
if j = 1 then
Train G f , Gd , Cs with mini-batch from DS by optimizing Eq. (4) in Section 3.3.
Train G f , Gd , Ct with mini-batch from Tl by optimizing Eq. (4) in Section 3.3.
else if j=2 then
Train G f , Gd , Cs with mini-batch from DS by optimizing Eq. (5) in Section B.
Train G f , Gd , Ct with mini-batch from Tl by optimizing Eq. (5) in Section B.
else if j=3 then
Train G f , Gd , Cs with mini-batch from DS by optimizing Eq. (6) in Section B.
Train G f , Gd , Ct with mini-batch from Tl by optimizing Eq. (6) in Section B.
end if
end while
end for
end for
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F

Visualization Results

We visualize the target features from the feature extractor by using t-SNE embedding on
Pr→Rw task in Fig. 2., Ar→Rw task in Fig. 3, and Ar→Pr task in Fig. 4. As mentioned
in Section 4.3, the features of the easy data subset in each category are compactly clustered
and show the dense groups. By comparison, the features of the hard data subset in each
category are dispersed and show the sparse groups. These visualization results validate the
effectiveness of our algorithm.

(a) Easy samples De

(b) Moderate samples Dm

(c) Hard samples Dh

(d) All target samples DT

Figure 2: T-SNE visualization of features from easy, moderate, and hard samples by using
the our PCDA method on the Pr→Rw task.

(a) Easy samples De

(b) Moderate samples Dm

(c) Hard samples Dh

(d) All target samples DT

Figure 3: T-SNE visualization of features from easy, moderate, and hard samples by using
the our PCDA method on the Ar→Rw task.

(a) Easy samples De

(b) Moderate samples Dm

(c) Hard samples Dh

(d) All target samples DT

Figure 4: T-SNE visualization of features from easy, moderate, and hard samples by using
the our PCDA method on the Ar→Pr task.
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Example Images from Target Data Subsets

We show the target data subsets, i.e., easy, moderate, and hard data subsets from left to right
respectively in Fig. 5, and Fig. 6. In each target samples, each row consisting of three
images belongs to the same category. Namely, we randomly sample three images from three
categories (Alarm Clock, Monitor, and Telephone). When we observe target data subsets,
most of the easy data subset have common characteristics of each category and are highly
representative of each category. Compared to the easy data subset, the hard data subset tends
to have unique visual characteristics which are easily distinguishable from the easy subset.

Figure 5: Target data subsets are obtained from Pr→Rw task. The images are randomly
sampled from Real-World images (Rw) in Office-Home dataset.

Figure 6: Target data subsets are obtained from Ar→Pr task. The images are randomly
sampled from Product images (Pr) in Office-Home dataset.
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