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Abstract

Mainstream approaches for unsupervised domain adaptation (UDA) learn domain-
invariant representations to narrow the domain shift, which are empirically effective
but theoretically challenged by the hardness or impossibility theorems. Recently,
self-training has been gaining momentum in UDA, which exploits unlabeled target
data by training with target pseudo-labels. However, as corroborated in this work,
under distributional shift, the pseudo-labels can be unreliable in terms of their large
discrepancy from target ground truth. In this paper, we propose Cycle Self-Training
(CST), a principled self-training algorithm that explicitly enforces pseudo-labels to
generalize across domains. CST cycles between a forward step and a reverse step
until convergence. In the forward step, CST generates target pseudo-labels with
a source-trained classifier. In the reverse step, CST trains a target classifier using
target pseudo-labels, and then updates the shared representations to make the target
classifier perform well on the source data. We introduce the Tsallis entropy as a
confidence-friendly regularization to improve the quality of target pseudo-labels.
We analyze CST theoretically under realistic assumptions, and provide hard cases
where CST recovers target ground truth, while both invariant feature learning and
vanilla self-training fail. Empirical results indicate that CST significantly improves
over the state-of-the-arts on visual recognition and sentiment analysis benchmarks.

1 Introduction

Transferring knowledge from a source domain with rich supervision to an unlabeled target domain is
an important yet challenging problem. Since deep neural networks are known to be sensitive to subtle
change in underlying distributions [70], models trained on one labeled dataset often fail to generalize
to another unlabeled dataset [58, 1]. Unsupervised domain adaptation (UDA) addresses the challenge
of distributional shift by adapting the source model to the unlabeled target data [50, 43].

The mainstream paradigm for UDA is feature adaptation, a.k.a. domain alignment. By reducing the
distance of the source and target feature distributions, these methods learn invariant representations to
facilitate knowledge transfer between domains [34, 22, 36, 54, 37, 73], with successful applications in
various areas such as computer vision [63, 27, 77] and natural language processing [75, 49]. Despite
their popularity, the impossibility theories [6] uncovered intrinsic limitations of learning invariant
representations when it comes to label shift [74, 32] and shift in the support of domains [29].

Recently, self-training (a.k.a. pseudo-labeling) [21, 78, 30, 32, 47, 68] has been gaining momentum
as a promising alternative to feature adaptation. Originally tailored to semi-supervised learning,
self-training generates pseudo-labels of unlabeled data, and jointly trains the model with source labels
and target pseudo-labels [31, 39, 30]. However, the distributional shift in UDA makes pseudo-labeling
more difficult. Directly using all pseudo-labels is risky due to accumulated error and even trivial
solution [14]. Thus previous works tailor self-training to UDA by selecting trustworthy pseudo-labels.
Using confidence threshold or reweighting, recent works try to alleviate the negative effect of domain
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Figure 1: Standard self-training vs. cycle self-training. In standard self-training, we generate target pseudo-
labels with a source model, and then train the model with both source ground-truths and target pseudo-labels. In
cycle self-training, we train a target classifier with target pseudo-labels in the inner loop, and make the target
classifier perform well on the source domain by updating the shared representations in the outer loop.

shift in standard self-training [78, 47], but they can be brittle and require expensive tweaking of the
threshold or weight for different tasks, and their performance gain is still inconsistent.

In this work, we first analyze the quality of pseudo-labels with or without domain shift to delve
deeper into the difficulty of standard self-training in UDA. On popular benchmark datasets, when
the source and target are the same, our analysis indicates that the pseudo-label distribution is almost
identical to the ground-truth distribution. However, with distributional shift, their discrepancy can be
very large with examples of several classes mostly misclassified into other classes. We also study
the difficulty of selecting correct pseudo-labels with popular criteria under domain shift. Although
entropy and confidence are reasonable selection criteria for correct pseudo-labels without domain
shift, the domain shift makes their accuracy decrease sharply.

Our analysis shows that domain shift makes pseudo-labels unreliable and that self-training on selected
target instances with accurate pseudo-labels is less successful. Thereby, more principled improvement
of standard self-training should be tailored to UDA and address the domain shift explicitly. In this
work, we propose Cycle Self-Training (CST), a principled self-training approach to UDA, which
overcomes the limitations of standard self-training (see Figure 1). Different from previous works to
select target pseudo-labels with hard-to-tweak protocols, CST learns to generalize the pseudo-labels
across domains. Specifically, CST cycles between the use of target pseudo-labels to train a target
classifier, and the update of shared representations to make the target classifier perform well on the
source data. In contrast to the standard Gibbs entropy that makes the target predictions over-confident,
we propose a confidence-friendly uncertainty measure based on the Tsallis entropy in information
theory, which adaptively minimizes the uncertainty without manually tuning or setting thresholds.
Our method is simple and generally applicable to vision and language tasks with various backbones.

We empirically evaluate our method on a series of standard UDA benchmarks. Results indicate that
CST outperforms previous state-of-the-art methods in 21 out of 25 tasks for object recognition and
sentiment classification. Theoretically, we prove that the minimizer of CST objective is endowed with
general guarantees of target performance. We also study hard cases on specific distributions, showing
that CST recovers target ground-truths while both feature adaptation and standard self-training fail.

2 Preliminaries

We study unsupervised domain adaptation (UDA). Consider a source distribution P and a target
distribution @) over the input-label space X x ). We have access to ng labeled i.i.d. samples

P = {x$,y5}", from P and n, unlabeled i.i.d. samples Q = {x!}™, from Q. The model f
comprises a feature extractor hg parametrized by ¢ and a head (linear classifier) go parametrized by 0,

ie. fo,4(x) = go(hg(x)). The loss function is £(-, -). Denote by Lp(0,®) := E(, )~ pl(fo,6(x),v)

~

the expected error on P. Similarly, we use L (6, ¢) to denote the empirical error on dataset P.

We discuss two mainstream UDA methods and their formulations: feature adaptation and self-training.

Feature Adaptation trains the model f on the source dataset ﬁ, and simultaneously matches the
source and target distributions in the representation space Z = h(X):

%nLﬁ(e,@ + d(hy P, hsQ). (1)
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Figure 2: Analysis of pseudo-labels under domain shift on VisDA-2017. Left: Pseudo-label distributions
with and without domain shift. Middle: Changes of pseudo-label distributions throughout training. Right:
Quality of pseudo-labels under different pseudo-label selection criteria.

Here, hﬁl3 denotes the pushforward distribution of P, and d(-,-) is some distribution distance. For
instance, Long et al. [34] used maximum mean discrepancy dymp, and Ganin et al. [22] approximated
the HAH-distance dy a3 [7] with adversarial training. Despite its pervasiveness, recent works have
shown the intrinsic limitations of feature adaptation under real-world situations [6, 74, 33, 32, 29].

Self-Training is considered a promising alternative to feature adaptation. In this work we mainly
focus on pseudo-labeling [31, 30]. Stemming from semi-supervised learning, standard self-training

trains a source model f; on the source dataset P: ming, 4, L5(0s, ¢s). The target pseudo-labels are

then generated by f, on the target dataset @ To leverage unlabeled target data, self-training trains the
model on the source and target datasets together with source ground-truths and target pseudo-labels:

min Lp(0,9) +E, 50(fo.4(x), argmax{ fo, . ()[})- 2)

Self-training also uses label-sharpening as a standard protocol [31, 57]. Another popular variant
of pseudo-labeling is the teacher-student model [4, 61], which iteratively improves the quality of
pseudo-labels via alternatively replacing 6, and ¢, with 6 and ¢ of the previous iteration.

2.1 Limitations of Standard Self-Training

Standard self-training with pseudo-labels uses unlabeled data efficiently for semi-supervised learn-
ing [31, 39, 57]. Here we carry out exploratory studies on the popular VisDA-2017 [45] dataset using
ResNet-50 backbones. We find that domain shift makes the pseudo-labels biased towards several
classes and thereby unreliable in UDA. See Appendix C.1 for details and results on more datasets.

Pseudo-label distributions with or without domain shift. We resample the original VisDA-2017
to simulate different relationship between source and target domains: 1) i.i.d., 2) covariate shift, and
3) label shift. We train the model on the three variants of source dataset and use it to generate target
pseudo-labels. We show the distributions of target ground-truths and pseudo-labels in Figure 2 (Left).
When the source and target distributions are identical, the distribution of pseudo-labels is almost
the same as ground-truths, indicating the reliability of pseudo-labels. In contrast, when exposed to
label shift or covariate shift, the distribution of pseudo-labels is significantly different from target
ground-truths. Note that classes 2, 7, 8 and 12 appear rarely in the target pseudo-labels in the covariate
shift setting, indicating that the pseudo-labels are biased towards several classes due to domain shift.
Self-training with these pseudo-labels is risky since it may lead to misalignment of distributions and
misclassify many examples of classes 2, 7, 8 and 12.

Change of pseudo-label distributions throughout training. To further study the change of pseudo-
labels in standard self-training, we compute the total variation (TV) distance between target ground-
truths and target pseudo-labels: dry(c,c’) = 33, [|c; — }||, where ¢; is the ratio of class i. We plot
its change during training in Figure 2 (Middle). Although the error rate of pseudo-labels continues
to decrease, dry remains almost unchanged at 0.26 throughout training. Note that drv is the lower
bound of the error rate of the pseudo-labels (shown in Appendix C.1). If dry converges to 0.26, then
the accuracy of pseudo-labels is upper-bounded by 0.74. This indicates that the important denoising
ability [66] of pseudo-labels in standard self-training is hindered by domain shift.

Difficulty of selecting reliable pseudo-labels under domain shift. To mitigate the negative effect
of false pseudo-labels, recent works proposed to select correct pseudo-labels based on thresholding the
entropy or confidence criteria [35, 21, 37, 57]. However, it remains unclear whether these strategies
are still effective under domain shift. Here we compare the quality of pseudo-labels selected by



different strategies with or without domain shift. For each strategy, we compute False Positive Rate
and True Positive Rate for different thresholds and plot its ROC curve in Figure 2 (Right). When the
source and target distributions are identical, both entropy and confidence are reasonable strategies for
selecting correct pseudo-labels (AUC=0.89). However, when the target pseudo-labels are generated
by the source model, the quality of pseudo-labels decreases sharply under domain shift (AUC=0.78).

3 Approach

We present Cycle Self-Training (CST) to improve pseudo-labels under domain shift. An overview of
our method is given in Figure 1. Cycle Self-Training iterates between a forward step and a reverse
step to make self-trained classifiers generalize well on both target and source domains.

3.1 Cycle Self-Training

Forward Step. Similar to standard self-training, we have a source classifier 6, trained on top of the
shared representations ¢ on the labeled source domain, and use it to generate target pseudo-labels as

y' = argmax{fg, ()}, 3)

for each z in the target dataset ). Traditional self-training methods use confidence thresholding or
reweighting to select reliable pseudo-labels. For example, Sohn et al. [57] select pseudo-labels with
softmax value and Long et al. [37] add entropy reweighting to rely on examples with more confidence
prediction. However, the output of deep networks is usually miscalibrated [25], and is not necessarily
related to the ground-truth confidence even on the same distribution. In domain adaptation, as shown
in Section 2.1, the discrepancy between the source and target domains makes pseudo-labels even
more unreliable, and the performance of commonly used selection strategies is also unsatisfactory.
Another drawback is the expensive tweaking in order to find the optimal confidence threshold for
new tasks. To better apply self-training to domain adaptation, we expect that the model can gradually
refine the pseudo-labels by itself without the cumbersome selection or thresholding.

Reverse Step. We design a complementary step with the following insights to improve self-training.
Intuitively, the labels on the source domain contain both useful information that can transfer to the
target domain and harmful information that can make pseudo-labels incorrect. Similarly, reliable
pseudo-labels on the target domain can transfer to the source domain in turn, while models trained
with incorrect pseudo-labels on the target domain cannot transfer to the source domain. In this sense,
if we explicitly train the model to make target pseudo-labels informative of the source domain, we
can gradually make the pseudo-labels more accurate and learn to generalize to the target domain.

Specifically, with the pseudo-labels 3’ generated by the source classifier 6, at hand as in equation 3,
we train a target head 0;(¢) on top of the representation ¢ with pseudo-labels on the target domain @,

0,(¢) = argminE,_5¢(fo.s(2), y). (4)

We wish to make the target pseudo-labels informative of the source domain and gradually refine them.
To this end, we update the shared feature extractor ¢ to predict accurately on the source domain and
jointly enforce the target classifier 0,(¢) to perform well on the source domain. This naturally leads
to the objective of Cycle Self-Training:

migin;ize Leyete(0s,0) = Lp(0s, ) + L5(0:(9), 6). (5)

Bi-level Optimization. The objective in equation 5 relies on the solution ét(gt) to the objective in
equation 4. Thus, CST formulates a bi-level optimization problem. In the inner loop we generate
target pseudo-labels with the source classifier (equation 3), and train a target classifier with target
pseudo-labels (equation 4). After each inner loop, we update the feature extractor ¢ for one step in
the outer loop (equation 5), and start a new inner loop again. However, since the inner loop of the
optimization in equation 4 only involves the light-weight linear head 6;, we propose to calculate the
analytical form of ét (¢) and directly back-propagate to the feature extractor ¢ instead of calculating
the second-order derivatives as in MAML [18]. The resulting framework is as fast as training two
heads jointly. Also note that the solution ét(¢) relies on 6, implicitly through 3. However, both
standard self-training and our implementation use label sharpening, making y’ not differentiable.
Thus we follow vanilla self-training and do not consider the gradient of 0, (¢) w.r.t. ¢ in the outer loop
optimization. We defer the derivation and implementation of bi-level optimization to Appendix B.2.
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3.2 Tsallis Entropy Minimization

Gibbs entropy is widely used by existing semi-supervised learning methods to regularize the model
output and minimize the uncertainty of predictions on unlabeled data [24]. In this work, we generalize
Gibbs entropy to Tsallis entropy [62] in information theory. Suppose the softmax output of a model
is y € R¥, then the a-Tsallis entropy is defined as

Salw) = ——= (1= 2 uf1) ©

where a > 0 is the entropic-index. Note that lim, 1 S (y) = >_; —¥ypjlog(yp)) which exactly
recovers the Gibbs entropy. When o = 2, S,, () becomes the Gini impurity 1 — 3. yﬁ.].

We propose to control the uncertainty of target pseudo-labels based on Tsallis entropy minimization:
L@,Tsallis,a(9’¢) = Ezr\,@sa(f@@(x)) (9)

Figure 3 shows the change of Tsallis entropy with differ- o7
ent entropic-indices « for binary problems. Intuitively, ¢
smaller « exerts more penalization on uncertain pre-
dictions and larger « allows several scores y;’s to be
similar. This is critical in self-training since an overly
small « (as in Gibbs entropy) will make the incorrect di-
mension of pseudo-labels close to 1 and have no chance ~ °°
to be corrected throughout training. In Section 5.4, we
further verify this property with experiments.
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Figure 3: Tsallis entropy vs. entropic-index a.

An important improvement of the Tsallis entropy over Gibbs entropy is that it can choose the suitable
measure of uncertainty for different systems to avoid over-confidence caused by overly penalizing
the uncertain pseudo-labels. To automatically find the suitable o, we adopt a similar strategy as
Section 3.1. The intuition is that if we use the suitable entropic-index « to train the source classifier
05, the target pseudo-labels generated by 0, ,, will contain desirable knowledge of the source dataset,
i.e. a target classifier §; , trained with these pseudo-labels will perform well on the source domain.
Therefore, we semi-supervisedly train a classifier 65 ., on the source domain with the a-Tsallis entropy
regularization Lg 1, , o0 the target domain as: 65 o = argming L (6, ¢)+Lg rei o (05 @), from
which we obtain the target pseudo-labels. Then we train another head ét@ with target pseudo-labels.
We automatically find « by minimizing the loss of 6; o on the source data:

a= argminLﬁ(ét7Q,¢) (10)

a€ll,2]

To solve equation 10, we discretize the feasible region [1, 2] of « and use discrete optimization to
lower computational cost. We also update « at the start of each epoch, since we found more frequent

Algorithm 1 Cycle Self-Training (CST)

1: Input: source dataset P and target dataset @

2: for epoch = 0 to MaxEpoch do

3:  Select & as equation 10 at the start of each epoch.

4:  fort =0 toMaxIter do

5 Forward Step

6: Generate pseudo-labels on the target domain with ¢ and 0,: 3 = argmax,{ fo,, ¢ (7))}
7‘

8

Reverse Step
Train a target head 0;(¢) with target pseudo-labels ¢’ on the feature extractor ¢:

0:(¢) = argemin B, g¢(fo,6(2), ).

9: Update the feature extractor ¢ and the source head 65 to make ét(qﬁ) perform well on the
source dataset and minimize the &-Tsallis entropy on the target dataset:

¢ < ¢ —nVo[Lp(0s,8) + Lp(0:(9), 6) + L ez (0s: 0)]- (7
10: end for 93 — 95 - Tlves [Lﬁ(esa (b) + L@;rsanis,@(esv ¢)] (8)
11: end for




update leads to no performance gain. Details are deferred to Appendix B.3. Finally, with the optimal

& found, we add the &-Tsallis entropy minimization term L O Tsallis, & 1© the overall objective:

migirgize LCyCle(esa ¢) + L@,Tsal]is,«i (057 (b) (11)

EX)

In summary, Algorithm 1 depicts the complete training procedure of Cycle Self-Training (CST).

4 Theoretical Analysis

We analyze the properties of CST theoretically. First, we prove that the minimizer of the CST loss
Lest(fs, fi) will lead to small target loss Errg ( fs) under a simple but realistic expansion assumption.
Then, we further demonstrate a concrete instantiation where cycle self-training provably recovers the
target ground truth, but both feature adaptation and standard self-training fail. Due fo space limit, we
state the main results here and defer all proof details to Appendix A.

4.1 CST Provably Works under the Expansion Assumption

We start from a K -way classification model, f : X — [0,1]¥ € F and f(z) := arg max; f(@)p
denotes the prediction. Denote by P; the conditional distribution of P given y = ¢. Assume the
supports of P; and P; are disjoint for ¢ # j. The definition is similar for ();. We further Assume
P(y =1i) = Q(y = 1). Forany z € X, N(z) is defined as the neighboring set of = with a proper
metric d(-, ), N(z) = {2’ : d(z,2') < &} N(A) := UpeaN (). Denote the expected error on the
target domain by Errq (f) := E4 )~ol(f(z) # y).

We study the CST algorithm under the expansion assumption of the mixture distribution [66, 11].
Intuitively, this assumption indicates that the conditional distributions P; and @; are closely located
and regularly shaped, enabling knowledge transfer from the source domain to the target domain.

Definition 1 ((g, ¢)-constant expansion [66]). We say P and Q) satisfy (q, €)-constant expansion for
some constant q, € € (0,1), if for any set A € X and any i € [K| with % > P%(Pi+Qi)(A) > q, we
have P%(PZ—&-Ql)(N(A)\A) > HliIl{E7 P%(Pz"er)(A)}

Based on this expansion assumption, we consider a robustness-constrained version of CST. Later
we will show that the robustness is closely related to the uncertainty. Denote by f; the source
model and f; the model trained on the target with pseudo-labels. Let R(f;) := P1(p,q)({z : 32’ €
N(x), fi(x) # fe(z')}) represent the robustness [66] of f; on P and Q. Suppose E(Ly)NQ]I(fs(a:) +
fi(z)) < cand R(f;) < p. The following theorem states that when f, and f;, behave similarly on
the target domain () and f; is robust to local changes in input, the minimizer of the cycle source error
Errp(f;) will guarantee low error of f; on the target domain Q).

Theorem 1. Suppose Definition 1 holds for P and Q. For any fs, f; satisfying E(z’y)NQH(fS (x) #
ft(x)) < cand R(f:) < p, the expected error of fs on the target domain Q) is bounded,

p

Errg(fs) < Errp(fi) +c+2¢ + min{e, g}’

(12)

To further relate the expected error with the CST training objective and obtain finite-sample guar-
antee, we use the multi-class margin loss: I, (f(z),y) = ¥, (—M(f(x),y)), where M(v,y) =
Vjy] — MaXy 4, v,y and 9, is the ramp function. We then extend the margin loss: M(v) =
max, (vp,] — max, -, vy,) (The difference between the largest and the second largest scores in

v), and I, (f;(z), fs(x)) := by (= M(fi(z), fs(x))). Further suppose Jfri is Ly-Lipschitz w.r.t. the
metric d(-,-) and 7 := 1 — 2L { min{e, ¢} > 0. Consider the following training objective for
CST, denoted by Lest(/fs, fi), where Ly _(fi) = E(; pply (fi(x),y) corresponds to the cycle

source loss in equation 5, L _ (fi, fs) := E. y)Néln,(ft(as), fs(x)) is consistent with the target loss
in equation 4, and M f;(x)) is closely related to the uncertainty of predictions in equation 11.

L=E(, o1 prgM(fel))
T

min Lest(fs, fi) == Lp  (fe) + L, (fe, fs) + (13)

The following theorem shows that the minimizer of the training objective L¢st(fs, fi) guarantees
low population error of f, on the target domain Q).



Theorem 2. ﬁ(f |p) denotes the empirical Rademacher complexity of function class F on dataset
P. For any solution of equation 13 and v > 0, with probability larger than 1 — 6,

Brrg(f.) < Lest(f £+ 20+ = [R(Flp) + RIF x Flg)] + % [R(FIp) + R(Flg)] + ¢

where { = O (\/log(l/é)/nS + \/log(l/é)/nt) is a low-order term. F x F refers to the function
class {x — f(a:)[f/(z)] cffleF)

Main insights. Theorem 2 justifies CST under the expansion assumption. The generalization error
of the classifier f; on the target domain is bounded with the CST loss objective Lcst(fs, ft), the
intrinsic property of the data distribution ¢, and the complexity of the function classes. In our
algorithm, Lcst(fs, f¢) is minimized by the neural networks and ¢ is a constant. The complexity of
the function class can be controlled with proper regularization.

4.2 Hard Case for Feature Adaptation and Standard Self-Training

To gain more insight, we study UDA in a quadratic neural network fy »(x) = 0" (¢ "2)2, where ®
is element-wise power. In UDA, the source can have multiple solutions but we aim to learn the one
working on the target [34]. We design the underlying distributions p and g in Table 6 to reflect this.
Consider the following P and Q. z[1] and x5 are sampled i.i.d. from distribution p on P, and from

qon Q. Fori € [3,d], ;) = 0;x[3) on P and x[;) = oyxp) on Q. Table 1: The design of p and g.
o; € {£1} are i.i.d. and uniform. We also assume realizability: Distribution | =1 +1] 0
y = @y — afy for both source and target. Note that y = z7,) — =

=t

] Sourcep |0.05]0.05]0.90
for all ¢ € [2, d] are solutions to P but only y = :v[21] — :v[22] works on  Target ¢ 0.25]0.25 | 0.50
Q. We visualize this specialized setting in Figure 4.
Source Source Target Target

t€lx
[ty
t€lx

N
3, X(2) 3, X121 &

(a) (b) Xi11 (C) (d) X1

Y,

Figure 4: The hard case where d = 3. Green dots for y = 1, red dots for y = 0, and blue dots for y = —1.
The grey curve is the classification boundary of different features. The good feature a:[21] - 1'[22] works on the

target domain (shown in (a) and (c)), whereas the spurious feature x[zl] — m[23] only works on the source domain
(shown in (b) and (d)). In Section 4.2, we show that feature adaptation and standard self-training learn Lt[21] — a:[23],
while CST learns m[zl] — 1[22].

To make the features more tractable, we study the norm-constrained version of the algorithms (details

are deferred to Section A.3.2). We compare the features learned by feature adaptation, standard self-
training, and CST. Intuitively, feature adaptation fails because the ideal target solution y = 1’[21] - x[22]

has larger distance in the feature space than other spurious solutions y = x[gl] — a:[Qi]. Standard self-

training also fails since it will choose randomly among all solutions. In comparison, CST can recover
the ground truth, because it can distinguish the spurious solution resulting in bad pseudo-labels. A
classifier trained with those pseudo-labels cannot work on the source domain in turn. This intuition is
rigorously justified in the following two theorems.

Theorem 3. For ¢ € (0,0.5), the following statements hold for feature adaptation and self-training:
o For failure rate £ > 0, and target dataset size ny > O(log %) with probability at least 1 — £ over
the sampling of target data, the solution (éFA, ¢EFA) found by feature adaptation satisfies

Errq (Oa, ora) > . (14)
o With probability at least 1 — ﬁ, the solution (égp (;ASST) of standard self-training satisfies

Errg(Ost, ¢st) > €. (15)



Theorem 4. For failure rate £ > 0, and target dataset size ny > O(log %), with probability at least
1 — &, the solution of CST ( QASCST, éCST) recovers the ground truth of the target dataset:

Errg (fcst, ¢est) = 0. (16)

S Experiments

We test the performance of the proposed method on both vision and language datasets. Cycle Self-
Training (CST) consistently outperforms state-of-the-art feature adaptation and self-training methods.
Code is available at https://github.com/Liuhong99/CST.

5.1 Setup

Datasets. We experiment on visual object recognition and linguistic sentiment classification tasks:
Office-Home [64] has 65 classes from four kinds of environment with large domain gap: Artistic (Ar),
Clip Art (C), Product (Pr), and Real-World (Rw); VisDA-2017 [45] is a large-scale UDA dataset
with two domains named Synthetic and Real. The datasets consist of over 200k images from 12
categories of objects; Amazon Review [10] is a linguistic sentiment classification dataset of product
reviews in four products: Books (B), DVDs (D), Electronics (E), and Kitchen (K).

Implementation. We use ResNet-50 [26] (pretrained on ImageNet [53]) as feature extractors for
vision tasks, and BERT [16] for linguistic tasks. On VisDA-2017, we also provide results of ResNet-
101 to include more baselines. We use cross-entropy loss for classification on the source domain.
When training the target head 6, and updating the feature extractor with CST, we use squared loss
to get the analytical solution of 6, directly and avoid calculating second order derivatives as meta-
learning [18]. Details on adapting squared loss to multi-class classification are deferred to Appendix B.
We adopt SGD with initial learning rate 779 = 2e — 3 for image classification and 79 = 5e — 4 for
sentiment classification. Following standard protocol in [26], we decay the learning rate by 0.1
each 50 epochs until 150 epochs. We run all the tasks 3 times and report mean and deviation in
top-1 accuracy. For VisDA-2017, we report the mean class accuracy. Following Theorem 2, we
also enhance CST with sharpness-aware regularization [19] (CST+SAM), which help regularize the
Lipschitzness of the function class. Due to space limit, we report mean accuracies in Tables 2 and 3
and defer standard deviation to Appendix C.

5.2 Baselines

We compare with two lines of works in domain adaptation: feature adaptation and self-training. We
also compare with more complex state-of-the-arts and create stronger baselines by combining feature
adaptation and self-training.

Feature Adaptation: DANN [22], MCD [54], CDAN [37] (which improves DANN with pseudo-
label conditioning), MDD [73] (which improves previous domain adaptation with margin theory),
Implicit Alignment (IA) [28] (which improves MDD to deal with label shift).

Self-Training. We include VAT [40], MixMatch [8] and FixMatch [57] in the semi-supervised
learning literature as self-training methods. We also compare with self-training methods for UDA:
CBST [77], which considers class imbalance in standard self-training, and KLD [78], which improves
CBST with label regularization. However, these methods involve tricks specified for convolutional
networks. Thus, in sentiment classification tasks where we use BERT backbones, we compare with
other consistency regularization baselines: VAT [40], VAT+Entropy Minimization.

Feature Adaptation + Self-Training. DIRT-T [56] combines DANN, VAT, and entropy minimiza-
tion. We also create more powerful baselines: CDAN+VAT+Entropy and MDD+Fixmatch.

Other SOTA. AFN [69] boosts transferability by large norm. STAR [38] aligns domains with stochas-
tic classifiers. SENTRY [48] selects confident examples with a committee of random augmentations.

5.3 Results

Results on 12 pairs of Office-Home tasks are shown in Table 2. When domain shift is large, standard
self-training methods such as VAT and FixMatch suffer from the decay in pseudo-label quality. CST
outperforms feature adaptation and self-training methods significantly in 9 out of 12 tasks. Note that
CST does not involve manually setting confidence threshold or reweighting.
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Table 2: Accuracy (%) on Office-Home for unsupervised domain adaptation (ResNet-50).

Method |Ar-Cl Ar-Pr Ar-Rw Cl-Ar CI-Pr CI-Rw Pr-Ar Pr-Cl Pr-Rw Rw-Ar Rw-Cl Rw-Pr|Avg.
DANN [22] 456 593 70.1 470 585 609 46.1 437 685 632 51.8 76.8 |57.6
CDAN [37] 50.7 70.6 76.0 57.6 70.0 70.0 574 509 773 709 56.7 81.6 |65.8
CDAN+VAT+Entropy| 52.2 71.5 764 61.1 70.3 67.8 59.5 544 78.6 732 59.0 827 |67.3
FixMatch [57] 51.8 742 80.1 635 73.8 613 64.7 514 80.0 733 56.8 81.7|67.7
MDD [73] 549 737 778 60.0 714 71.8 61.2 53.6 78.1 725 60.2 82.3 |68.1
MDD+IA [28] 56.2 779 792 644 73.1 744 642 542 799 712 581 83.1(69.5
SENTRY [48] 618 774 80.1 663 71.6 747 66.8 63.0 80.9 740 663 84.1 |72.2
CST ‘ 59.0 79.6 834 684 77.1 76.7 689 564 83.0 753 62.2 85.1 ‘73.0

Table 3: Accuracy (%) on Multi-Domain Sentiment Dataset for domain adaptation with BERT.
Method ‘ B-D B-E B-K D-B D-E D-K E-B ED E-K KB KD K-E ‘ Avg.

Source-only | 89.7 884 909 90.1 885 902 869 885 91.5 87.6 873 912 | 89.2
DANN[22] |902 89.5 909 91.0 90.6 902 87.1 875 92.8 87.8 87.6 93.2 | 89.9
VAT [40] 90.6 91.0 91.7 908 90.8 92.0 872 86.9 92.6 869 87.7 929 | 90.1
VAT+Entropy | 904 91.3 915 91.0 91.1 924 87.5 863 924 865 87.5 93.1| 90.1
MDD [73] 904 904 91.8 902 909 91.0 87.5 863 925 89.0 87.9 92.1 | 90.0

CST |91.5 929 92.6 919 926 935 90.2 894 938 879 883 93.5| 915

Table 4 shows the results on VisDA-2017. CST surpasses state-of-the-arts with ResNet-50 and ResNet-
101 backbones. We also combine feature adaptation and self-training (DIRT-T, CDAN+VAT+entropy
and MDD+FixMatch) to test if feature adaptation alleviates the negative effect of domain shift in
standard self-training. Results indicate that CST is a better solution than simple combination.

While most traditional self-training methods include techniques specified for ConvNets such as
Mixup [72], CST is a universal method and can directly work on sentiment classification by simply
replacing the head and training objective of BERT [16]. In Table 3, most feature adaptation baselines
improve over source only marginally, but CST outperforms all baselines on most tasks significantly.

5.4 Analysis

Ablation Study. We study the role of each part of CST Table 5: Ablation on VisDA-2017.
in self-training. CST w/o Tsallis removes the Tsallis en- ~ Method | Accuracy 1 | drv |
tropy LTsalliS,ow CST+Entropy replaces the Tsallis entropy FixMatch [57] 745 4+0.2 0.22

with standard entropy. FixMatch+Tsallis adds Lrsaiis,o to Fixmatch+Tsallis | 76.3 + 0.8 0.15
standard self-training. Observations are shown in Table 5.  CST w/o Tsallis 720+ 04 | 0.16
CST+Entropy performs 3.7% worse than CST, indicating ~ CST+Entropy 762+0.6 | 0.20
that Tsallis entropy is a better regularization for pseudo- ~ g | 799+£05 | 0.12
labels than standard entropy. CST performs 5.4% better
than FixMatch, indicating that CST is better adapted to domain shift than standard self-training. While
FixMatch+Tsallis outperforms FixMatch, it is still 3.6% behind CST, with much larger total variation
distance dry between pseudo-labels and ground-truths, indicating that CST makes pseudo-labels
more reliable than standard self-training under domain shift.

Quality of Pseudo-labels. We visualize the error of pseudo-labels during training on VisDA-2017 in
Figure 5 (Left). The error of target classifier 8; on the source domain decreases quickly in training,
when both the error of pseudo-labels (error of 6, on (Q) and the total variation (TV) distance between
pseudo-labels and ground-truths continue to decay, indicating that CST gradually refines pseudo-
labels. This forms a clear contrast to standard self-training as visualized in Figure 2 (Middle), where
the distance dyy remains nearly unchanged throughout training.

Comparison of Gibbs entropy and Tsallis entropy. We compare the pseudo-labels learned with
standard Gibbs entropy and Tsallis entropy on Ar—Cl with ResNet-50 at epoch 40. We compute
the difference between the largest and the second largest softmax scores of each target example and
plot the histogram in Figure 5 (Right). Gibbs entropy makes the largest softmax output close to 1,
indicating over-confidence. In this case, if the prediction is wrong, it can be hard to correct it using
self-training. In contrast, Tsallis entropy allows the largest and the second largest scores to be similar.



Table 4: Mean Class Accuracy (%) for unsupervised domain adaptation on VisDA-2017.

Method | ResNet-50 ResNet-101 | Method | ResNet-50 ResNet-101
DANN [22] 69.3 79.5 | CBST [77] - 76.4 + 09
VAT [40] 68.0+0.3 73.4+ 0.5 | KLD [78] - 78.1 +£0.2
DIRT-T [56] 68.2+0.3 772+ 0.5 | MDD [73] 74.6 81.6 £ 0.3
MCD [54] 69.2 77.7 | AFN [69] - 76.1
CDAN [37] 70.0 80.1 | MDD+IA [28] 75.8 -
CDAN+VAT+Entropy 76.5+0.5 80.4 + 0.7 | MDD+FixMatch 77.8+£0.3 82.4 4+ 04
MixMatch 693 +04 77.0 £ 0.5 | STAR [38] - 82.7
FixMatch [57] 7454+ 0.2 79.54+ 0.3 | SENTRY [48] 76.7 -
CST \ 79.9 £0.5 84.8 + 0.6 \ CST+SAM \ 80.6 £ 0.5 86.5+ 0.7
06 —— Error Rate of of 65 on target Q 5 Gibbs Entropy
05 Error Rate of 6; on source P Tsallis Entropy
© o4 ___ Total Variation Between B’A
= Pseudo-labels and Ground Truth B s
© o3 S
> 8.

1
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Figure 5: Analysis. Left: Error of pseudo-labels and reverse pseudo-labels. The error of target classifier 6,
on the source domain decreases, indicating the quality of pseudo-labels is refined. Right: Histograms of the
difference between the largest and the second largest softmax scores. Tsallis entropy avoids over-confidence.

6 Related Work

Self-Training. Self-training is a mainstream technique for semi-supervised learning [13]. In this
work, we focus on pseudo-labeling [52, 31, 2], which uses unlabeled data by training on pseudo-labels
generated by a source model. Other lines of work study consistency regularization [4, 51, 55, 40].
Recent works demonstrate the power of such methods [67, 57, 23]. Equipped with proper training
techniques, these methods can achieve comparable results as standard training that uses much more
labeled examples [17]. Zoph et al. [76] compare self-training to pre-training and joint training. Vu
et al. [65], Mukherjee & Awadallah [42] show that task-level self-training works well in few-shot
learning. These methods are tailored to semi-supervised learning or general representation learning
and do not take domain shift into consideration explicitly. Wei et al. [66], Frei et al. [20] provide the
first nice theoretical analysis of self-training based on the expansion assumption.

Domain Adaptation. Inspired by the generalization error bound of Ben-David et al. [7], Long et al.
[34], Zellinger et al. [71] minimize distance measures between source and target distributions to learn
domain-invariant features. Ganin et al. [22] (DANN) proposed to approximate the domain distance
by adversarial learning. Follow-up works proposed various improvement upon DANN [63, 54, 37,
73, 28]. Popular as they are, failure cases exist in situation like label shift [74, 32], shift in support of
domains [29], and large discrepancy between source and target [33]. Another line of works try to
address domain adaptation with self-training. Shu et al. [56] improves DANN with VAT and entropy
minimization. French et al. [21], Zou et al. [78], Li et al. [32] incorporated various semi-supervised
learning techniques to boost domain adaptation performance. Kumar et al. [30], Chen et al. [15] and
Cai et al. [11] showed self-training provably works in domain adaptation under certain assumptions.

7 Conclusion

We propose cycle self-training in place of standard self-training to explicitly address the distribution
shift in domain adaptation. We show that our method provably works under the expansion assumption
and demonstrate hard cases for feature adaptation and standard self-training. Self-training (or pseudo-
labeling) is only one line of works in the semi-supervised learning literature. Future work can delve
into the behaviors of other semi-supervised learning techniques including consistency regularization
and data augmentation under distribution shift, and exploit them extensively for domain adaptation.
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A Details in Section 4

A.1 Proof of Theorem 1

In Section 4.1, we study CST theoretically. In Theorem 1, we show that when the population error of
the target classifier f; on the source domain P is low and f; is locally consistent, the source classifier
fs is guaranteed to perform well on the target domain (). We further show that the consistency
(robustness) is guaranteed by the confidence of the model (Lemma 3). Finally, we show in Theorem 2
that the minimizer of an objective function consistent with the CST objective in Section 3.1 leads to
small target loss of the source classifier Errg(fs).

We first review the assumptions made in Section 4.1 in order to prove Theorem 1. Consider a K -way
classification problem. f : X — [0,1]% € F and f(z) := argmax; f(z)};. We first state the
properties of source and target distributions P and ). Assume the source and target distributions
are composed of K sub-populations, each corresponding to one class, and the sub-populations of
different classes have disjoint support. This indicates that a ground truth labeling function exists,
which is a common assumption as in [7, 66, 11]. We also assume for simplicity of presentation that

P(y =1) = Q(y = 1). Note that our techniques can be directly applied to the case where ggi’;z; is

bounded as in [11].

Assumption 1. Denote by P; and Q; the conditional distribution of P and Q given y = i. We
assume that: (1) P(y = 1) = Q(y = i), and (2) the supports of P; and P; are disjoint for i # j.

Our analysis relies on the expansion assumption [66, 11], which intuitively states that the data
distribution has good continuity within each class. Therefore, the subset in the support of a class will
connect to its neighborhood, enabling knowledge transfer between domains. Wei et al. [66] justifies
this assumption on real-world datasets with BigGAN.

Assumption 2 ((g, €)-constant expansion [66]). Forany x € X, N(x) is defined as the neighboring
setof z, N'(z) = {2 : d(z,x") < &}, where d is a proper metric. N(A) := Ugc aN (z). We say P
and @ satisfy (g, €)-constant expansion for some constants q, € € (0, 1), if for any set A € X and any
i € [K] with 5 > P1(p1q,(A) > . we have P%(PHFQ”(./\/'(A)\A) > min{e, Py (p,4q,)(A)}-

Based on this expansion assumption, we consider a robustness-constrained version of CST for now.
In Theorem 2, we will show that the population robustness loss is closely related to the uncertainty of
of CST. Denote by f, the source model and f; the model trained on the target with pseudo-labels.

Let R(ft) == Pypygy({a: 32 € N(z), fi(x) # fi(z')}) represent the robustness [66] of f; on

P and Q. Suppose E, ,)~ol(fs(z) # fi(x)) < cand R(f;) < p. Theorem 1 states that when f,
and f; behave similarly on @ (f; fits the pseudo-labels generated by f, on the target domain) and f;
is robust to local changes in input, the minimizer of the cycle source error Errp( f;) will guarantee
low error on the target domain Q).

Theorem 1. Suppose Assumption I and Assumption 2 hold for P and Q. For any fs, [ satisfying
Ezy)~ol(fs(x) # fi(x)) < cand R(f;) < p, the expected error of fs on the target domain Q is
bounded,

Errg(fs) < Errp(fi) + ¢+ 2q + p / min{e, ¢} (17)

We now turn to the proof of Theorem 1. We want to show the error of f; on the source domain P is
close to the error of f, on the target domain (). We first show that when the robustness error R( f;) is
controlled, the error of f; on the source and the target will be close. This is done by analyzing the
error on each sub-population P; and @); separately. Then we use the fact that the losses of fs and f;
are also close when their disagreement on the target domain is controlled to obtain the final result.

Lemma 1 (Robustness on sub-populations). Divide [K] into Si and Sa, where for every i €
St B ymtpironl@e € N(x), filz) # fi(z)}) < min{e,q}, and for every i € S,

2

E (o)~ (pronl(Tz’ € N(a), fi(x) # fi(z')}) > min{e, q}. Under the condition of Theorem 1,
we have
Y Py=i>1- 2 (18)
, min{e, ¢}
1€ST
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ProofofLemma 1. Suppose } ;g Py =1) <1- m Then we have ) ;g Py = i) >
which implies

B et (prl32 € N(2), fi(z) # fi(a')})
= > Byt (pionl@ € N(@), fi(z) # fiz)) Py =)

min{@q} >

i€[K]
> 3" B pronl@ € N(@), filz) # fu(a)})Ply =)
1€So
> min{e, ¢} Y Py =1)
1€So

Since we have R(f;) = ]E(m,y)N%(PJrQ)]I(Hx’ e N(z), fi(x) # fi(z')}) < p, this forms a contra-
diction. O

We have established that for a large proportion of the sub-populations, the robustness is guaranteed.
The next lemma shows that for each sub-population where the robustness is guaranteed, Errp, (f;)
and Errg, (f;) is close to each other by invoking the expansion assumption [66].

Lemma 2 (Accuracy propagates on robust sub-populations). Under the condition of Theorem 1, if the
sub-populations P; and Q; satisfy E(, 1 (p,4+0,)1(32" € N(2), fi(z) # fi(z")}) < min{e, g},
we have

[Erep, (fi) — B, (f)| < 2g. (19)

Proof of Lemma 2. We claim that either Erry p, .,y (ft) < qor Brrip,(ft) 2 1—¢ On
the one hand, if % > Err% (P +Qi)( ft) > g, by the (g, €)-expansion property (Definition 1),

PypirqnN({z : fa(x) # iW\{z : fi(z) #i}) > min{e, ¢}. Note that in N ({z - fi(x) #
iH\{z : fi(x) # i}, fi(x) = i. Thus, for x in the set N'({z : fi(z) # i})\{z : fi(z) # i}, there
exists 2’ € N(z), fi(z') # fi(x) =i
R(ft) = B y~1(priool(32’ € N(2), filz) # fila")})
> Ea i (Pl € N(2), file) # fula) D@ € N({z : fu(z) # i)\ : fulz) #14})
= PiprqyWN({z: file) #iD\{z : file) #i})
> min{e, ¢},
which contradicts the condition that R(f;) < min{e, ¢}.
On the other hand, if % < Err 1(P+Qy) (ft) < 1 — g, the argument is similar. By the (g, €)-expansion
property (D~eﬁniti0n 1), P%(PiJrQi)(N({a{: fi(x) = iHY\{z : filz) =i}) > min{f,q}. Note that
in N({z : fi(z) = i})\{z : fi(z) = i}, fi(z) # i. Thus, for z in the set N({z : fi(z) = i})\{z :
fi(x) = i}, there exists 2’ € N(z), i = fi(z') # fi(x).
R(ft) = B y)~i(priool(32’ € N(2), filz) # fila")})
> Ea ot (PG € N(2), file) # fulle )N € N({z : fi(z) = i)\ : fu(z) =1})
= PiprgyWN({z: file) = iD\{z : filx) = i})

> min{e, ¢},

)
)

which also contradicts the condition that R(f;) < min{e, ¢}.

Note that Erry(p 10, (ft) = 1Errp,(fi) + 1Emg, (f:). Also we have Errp,(f;) € [0,1]. In

consequence, we have either Errp, (f;), Errg, (fi) € [0,2q] or Errp, (fi),Errg,(fi) € [1 — 2¢,1],
which completes the proof. O
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With Lemma | and Lemma 2 at hand, we can prove Theorem 1 by putting the analysis on each
sub-population together.

Proof of Theorem 1.

Erg(fi) = ) BErg,(fi)P(y =)
1€[K]
i€[S1] 16[32]
< Y (Brep(fi) +29)Ply =4+ > Ply
i€(51] i€[Sa]
0
<E 2 _—
= rrp(ft)+ q_Fmin{e,q}’

where the second inequality holds due to Lemma 2, and the last holds due to Lemma 1. Also note

that Errq(fs) < Errq(fi) + E,y)~gl(arg maxy fs(x)) # argmaxp fi(z)};)) by the triangle
inequality. Adding these two equations results in Theorem 1. [

A.2 Proof of Theorem 2

To obtain finite-sample guarantee, we need additional assumptions on the function class F.

Assumption 3. The function class F satisfies the following properties: (1) F is closed to permuta-
tions of coordinates, (2) 0 € F, and (3) each coordinate of f is Lg-Lipschitz w.rt. d(-,-).

This assumption is also standard since common models for multi-class classification are symmetric
for each class. Setting all the weight parameters of neural networks to 0 will result in 0 output.

We review the definition of terms in Theorem 2. The ramp function ., : R — [0, 1] is defined as:

1, z<0
Uy(z) =3¢ 1-2, 0<z<y (20)
0, T >y

The margin function is defined as M(v,y) = vp,) — maxy+, vy, and M(v) = max,{vy, —
max,/, v}, }. For multi-class classification problems, M (v) is closely related to the confidence,
since it is equal to the difference between the largest and the second largest scores. The multi-class
margin loss is composed of ¢, (z) and M: 1, (f(z),y) := ¢y (=M(f(z),y)). Denote by L5 _ (f)
the empirical margin loss of f; on the source dataset P, L b, ft) = E Bl Iy(fe(z),y). To
measure the inconsistency of f, and f;, we extend the multi-class margin loss as L, (fs(x), fi(x)) :=
Yy (=M(fs(x), fe(x))). Denote by L v(ft’ fs) the empirical margin inconsistency loss of f; and

f. on the source dataset P, Lp (fe, fs) =B, ply (fe(@), f3(2)).

Consider minimizing the following objective:

min LCST(fS7 ft) = Lﬁ,,y(ft) + Lﬁﬁ(ft, fg) + 1_]E(l.’y)w%(}5+Q)M(ft(x))/'r . (21)
Cycle Loss Target Loss Uncertainty Loss

Note that L _ (f) is the loss of f; on the source dataset (the cycle loss), and L _ (ft, fs) is the

training error of f; on the target dataset. M( f;(x)) equals the difference between the largest and the
second largest scores of f;(x), indicating the confidence of f;. Thus, 1 — Ep~i® Jr@)/\/l( fi(x))
) )

is the uncertainty of f; on the source and target datasets.

The following theorem shows that the minimizer of the training objective Lcst(fs, f¢) guarantees
low population error of f, on the target domain Q).

Theorem 2. Under the condition of Theorem 1 and Assumption 3. For any solution of equation 13
and vy > 0, with probability larger than 1 — ¢,

Errg(f.) < Lest(fur i)+ 20+ - [R(FIp) + R x Flg)] + 2 [R(F1p) + RIFI)] +¢.
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where { = O (\/log(l/é)/nS + \/log(l/é)/nt> is a low-order term. F x F refers to the function
class {x = (@) 0 [, f € T} 7%(]-'|13) denotes the empirical Rademacher complexity of

function class F on dataset P.

We provide the function classes used in the proof. For a function class f € F : R? — [0,1]%,
F1;) denotes each coordinate of F: Fj; = {x — f(z) : f € F}. We also need other function
classes based on F;. UF[; denotes the union of F;: UF[;) = Use(x)Fpi)- max; F;) is composed
of the maximum coordinate of f € F for all 2: max; F;) = {* — max; f(v) : f € F}.
max, , JFiir) denotes the function class composed of the second largest coordinate of f € F
for all x: max, ,z Fjp) = {o — max_z,) flg(@) : f 6~]-'}, which we require to study
the finite sample properties of the confidence loss M(f(x)). F x F denotes the function class
{¢ = fpu(@) « f,f € F}. The Rademacher complexity of F; on set S = {z;}7_; of
size n is: ﬁ(f[i] |s) = +Eo, supser >i=10;f(x;)p). The Rademacher complexity of UF; is
ﬁ(ufm ls) = +E,, SUP fe F ic[K] Z;L:1 0;f(x;);). The Rademacher complexity of max; F; is

~

R(max; Fjy)|s) = 1E,, SUP fe F ic[K] Z?Zl ojmax; f(z;)). We further denote by R(F|s) the

n

sum of the Rademacher complexity of each F;), R(F|s) = Zfil R(Fiils)-

To prove Theorem 2, we first observe the relationship between the confidence objective
E(w’y)wé(ﬁ+@)/\/l(ft(x)) and the robustness constraint R(f;) = Pypip({z : ' €
N (z), maxp; fi(x) # maxp f;(«')}) in Theorem 1. In fact, as shown in Lemma 3, when the
output of the model is confident on the source and target dataset, i.e. ]E(r y)~i(P +@)./\/l( fe(x)) is

zy)~ L
large, the model is also robust to the change in input.

Lemma 3 (Confidence guarantees robustness). Under the conditions of Theorem 2, we have

R < 1—2L¢¢

(22)

Proof of Lemma 3. We first note that when max,{f;(2)f,) — maxy/ 4, fi(x)} > 2LsE, the
arg max; f;(2)[;) will not change in the neighborhood N (z) since f;) is Ly-Lipschitz for all i.
Suppose y* = arg max,, f;(z)[,). Forall y’ # y* and 2’ € N (x),

fe@ )y = fel@ )y > fi(@)ye) = Lyd(z,2") — (fo(a")pyn + Lyd(x, 2")) (23)
> myax{ft(a:)[y] — gjr};aé)y{ I (x)[y/]} —2Lsd(z, ") (24)
> 0. (25)

Therefore, we have

R(f:) 1= Pipyq) M(fe(z)) > 2Lg) (26)
1-E, o1 M T
< 1= BepierroMUA@) o
1—2L¢
where the second inequality holds because f};) € [0, 1], and M(f(z)) € [0, 1]. O

To obtain finite sample guarantee, we aim to show that each term in equation 13 is close to its
population version. We first present Lemma 4, the classical result for multi-class classification.

Lemma 4 (Lemma 3.1 of [41]). Suppose f € F and v > 0, with probability at least 1 — § over the
sampling of P, the following holds for all f € F simultaneously,

4K ~
Brep(f) < Lp,(f) + R(UFulp) + 0 (Vig(1]0) [ ) (28)
We then extend Lemma 4 to study the finite sample properties of L 'y( fis fs) and EM( fi(2)).
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Lemma 5. Suppose f € F and v > 0, with probability at least 1 — § over the sampling 0f13, the
Sfollowing holds for all f € F simultaneously,

Eey)~pM(f(2) S B, ) pM(f(@) + 4R(F|p) + O (Vig(1/0) [ns) . (29)

Proof of Lemma 5. By standard Rademacher complexity bound (Theorem 7 of Bartlett & Mendelson
[5]), we have
By pM(f(@)) SB(, ) pM(f(@)) +2R(Mo Flp) + 0 (Vieg(1/8) /) . (30)

Thus it remains to show ﬁ(M o Flp) < IR (F| p)- In fact,

R(Mo Flp) = —E, supzazmax{fm)[y] max f(2i) )}

s fe]-‘l 1

~ e s o (max f () max f(z;)p,)
s fefzz; W iy

IN

—]E sup Umaxfx + E sup o; max f(x)p,
ns fefz ' o+ 5 fefz ey T

= R(max Falp) + R(max Fiinlp)-
As will be shown in Lemma 7, both R (max; Flijlp) and ﬁ(maxi/#f Filp) are smaller than
R(F| ), which completes the proof. O

Lemma 6. Suppose fs, fi € F and vy > 0, with probability at least 1 — 6 over the sampling of @,
the following holds for all f, fi € F simultaneously,

Ey~al(fi(2) # f(0) < Lo (fir f1) + ?7@(? x Flg)+0 (Viog(1/6) [mi) . 31)

Proof of Lemma 6. By the definition of multi-class margin loss, we have E, ) oI(fi(x) #

fs(x)) < Lg~(ft, fs). Denote by G the set of {& — (—=M(fi(x), fs(x))) : fe, fs € F}. By
standard Rademacher complexity bound, we have,

Lo (Fis £2) < Lo, (Fis £2) + 2R (5 0 Glg) + O (Viog(1/0) [ i) -

By Talagrand contraction Lemma [59], R( o G| Q) < % (g \ ). Thus, it remains to show
(g|@) < KR(F x Flg)- We have

ne

73’<g|@) = 7E01 sup Zaz ft xz s( z))

o foofe 54
1

= o- sup o | fi xz) z; max ft(xl) !
n fgft; ( Pl = o f ) i

1 ”‘
Em sSup szt xz) 2 T Em sSup 0; max ft(ﬁl)[ 4
U fs,ft; ) fs,ft; Y/ # fa (1) Y
(.7:" x Fls)+ Egl sup i max  fy(zi)ry
@ fofe ,2; YA fa (@) v

\ /\

It remains to show iE”% SUPf, g, ity O max,, v ..y fi(@i) ) < (K — DR(F x Flg). which
is done by noting the closure of F under the permutation of coordinates. Consider the permutation
v:RE - RE: U(U)[i] = V[i—1] fori € [2, 3, K] and U(U)[l] = V[K]-

1
—E,, sup o; max fi(xi)p = —Em sup o max v ft(xz) R
g P ; vt F () [y'] Pt ; ke[K [fs ()]
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We have vF C F by the closure of F. Thus, FxuvF C Fx F. By Lemma 7, the
Rademacher complexity of maximum of function classes is bounded with their sum, so we have

o, supy g, S0 oy maxyei 1 V(@) 7, (0 < (K = DR(F x Flg). -

The next lemma shows the relationship between function classes. We establish the Rademacher
complexity bounds of UF;}, max; F(;), and max,, , # F(;]. We show that the Rademacher complexity

of these function classes can be bounded with R(F|g) = Zfil ﬁ(f[i] ls)-
Lemma 7. Suppose max; Fj; = {max; f;;) : f € F}, UF = {fj : f € F,i € [K]}, and
max,, , 7 Fj) = max, 7 Fji|p = {z = max,_ 5, fig(@) : f € F}.

R(UFjyls) < R(Fls), R(maxFiyls) < R(F|s) and ﬁ(;y;;f[i/ns)sﬁ(fm). (32)

Proof of Lemma 7. Consider the K = 2 case. Then we can repeat the arguments for X — 1 times to
get the final results.

For the first inequality, consider F;; := F[;j U —F; = {2 — +f(2) : f € Fjz}. Then we have

N 1
R(}—[l] U .7‘—[2]|5) = ﬁ]E ; . ei_up ZUJf (x5) 33)
[4] Y
1
= B, sw Z\a]f (x) (34)

n fm EF(, UF ]y

<l ~Ea, S‘QE, Z‘ajf[l () ’ E,, f[zsgé JZI‘UJ flyg () ‘ (35)

:lIEU]. sup Za]f (x5) 1Egj sup zn:ojf[i](xj) (36)
o fw€F N fwmeFe i

= R(Fpls) + R(f[z] |s), (37)

where equation equation 34 and equation 36 hold by the definition of F7;.

For the second inequality, note that max{z, y} = 5% + @ Then we apply Talagrand contraction
lemma for the absolute value (| - | is 1-Lipschitz),

= o (f[l](%)*’fp](%) N | fry (5) —f[z](xj)|>

~ 1
R(max Fiy|s) = ~Eo, sup

f€rnfl1€ 712 5= 2 2

1~ 1~ 1~
< SR(Fls) + 5R(Fls) + 5RAIF) = Fiallls)

IN

1~ 1~ 1~
SR(Fuls) + 5R(Fgls) + SR(Fy = Fpals)
< R(Fpyyls) + R(Figls)-
For the third inequality, observe that the second largest of the set {z,y, z} can be expressed as

max{min{z, y}, min{max{x, y}, z}}. Following argument similar to the second inequality gives
the proof.

Now equipped with the lemmas above, we are ready to prove Theorem 2.

Proof of Theorem 2. By Lemmas 4, 5, and 6, we have the following inequalities hold with probability
larger than 1 — é,

Erte(f) < L, () + - R(UFy|p) + O (Viog(1/5) /) G8)
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Byt prMUf(2) SE, o1 praMf(2) + 2R(F|p) + 27€(f|@) (39)

1
2

+0 (\/log(1/5) s + \/1og(1/6) /nt) :

2K ~ -
B pQlfile) # @) < L, (fi f2) + T R(F x Flg) + 0 (Viog(1/3) /mr) . 40
We also have the following due to Lemma 3,

1B gy (proMFe(2)

(41)

We use equation 39 and equation 40 as conditions. Plugging equation 38, equation 39, equation 40,
and equation 41 into Theorem 1 and applying a union bound complete the proof of Theorem 2. [J

A.3 Details in Section 4.2

We instantiate the domain adaptation setting in a quadratic neural network that allows us to compare
various properties of the related algorithms. For a specific data distribution, we prove that (1) cycle
self-training recovers target ground truth, and (2) both feature adaptation and standard self-training
fail on the same distribution.

A.3.1 Setup

We study a quadratic neural network composed of a feature extractor ¢ € R4*™ and a head § € R™.
fo.6(x) = go(he(x)), where gg(2) = 07z and hy(z) = (¢T2) ® (¢ " z), ® is element-wise product.
In training, we use the squared loss £(f(z),y) = (f(x) — y)?. In testing, we map f(z) to the nearest
point in the output space: f(z) := arg mingeg_q,0.13 |y — f(z)|. Denote the expected error by

Errg (0, ¢) = E(ay)nol(fo.(x) # ).

Structural Covariate Shift and Label Shift. In domain adaptation, the source domain can have
multiple solutions but we aim to learn the solution which works on the target domain [34]. Recent
works also pointed out the source and the target label distributions are often different in real-world
applications [74]. Following these properties, we design the underlying distributions p and ¢q as
shown in Table 6 to allow both structural covariate shift and label shift.

Table 6: Comparison of the design of the source and target.

Distribution | -1 \ +1 \ 0
Source p 0.05 0.05 0.90
Target q 0.25 0.25 0.50

We study the following source distribution P. x[;; and x|y are sampled i.i.d. from distribution p, and
fori € [3,d], ;) = 0; X w[g). 0y € {£1} uniformly. In the target domain, (1] and x[) are sampled
i.i.d. from distribution ¢, and for i € [3,d], x;) = 0 X 2. 0; € {£1} uniformly. We also assume
realizability: y = x[Ql] - x[22] for both source and target. For simplicity, we assume access to infinite

i.i.d. examples of P (ns = o) and n; i.i.d. examples of (). Therefore, the empirical loss and the
population loss on the source domain are the same Lp = L.

Note that since a7, = 7, forall i € [3,d] in the source domain, y = 27, — @7, forall i € [2,d] are
solutions to the source domain but only y = x[zl] — $[22] works on the target domain. We visualize the
setting when d = 3 in Figure 4.

A.3.2 Algorithms

We compare the baseline algorithms (feature adaptation and self-training) in Section 2 with the
proposed CST. We study the norm-constrained versions of these algorithms.
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Feature Adaptation chooses the source solution minimizing the distance between source and target
feature distributions. We use total variation (TV) distance [7]: dyv(hy P, h4Q) = suppz |hy P(E)—
hyQ(E)|.
Ora, Pra = arg min dTV(hﬁﬁa hn@)y (42)
95 7¢S
3 +lelE, st Lp(8,¢) =

s.t. 0y, ¢ = argmin |0
0,9

Standard Self-Training first trains a source model,

0s, 65 = ar%r;nn 10112 + (|6l %, s.t. Lp(8, ) = 0. 43)

Then it trains the model on the source and target datasets jointly with source ground-truths and target
pseudo-labels,

fst, st = argegnnnané + [|l|%, (44)
s.t. Lp(0,¢) + ExNéf(f9)¢(fL‘), fés7d;5 (x)) =0.

Cycle Self-Training. Following Section 3.1, we train the source head 6, and then train another head
60:(¢) on the target dataset ) with pseudo-labels generated by 6:

0i(0) = arg min 1913, st E,c5¢(fo.6(x), fo.,0(x)) = 0.

Finally we update the feature extractor ¢ to enforce consistent predictions of ét(qﬁ) and 6, on the
source dataset:

fcst, ¢est = arg min 165115 + 116117, (45)

ER)

S.t. LP(037 ¢) + EmePf(gé’s (h¢(x))7gét(¢) (h¢(x))) =0.

The following theorems show that both feature adaptation and standard self-training fail. The intuition
is that the ideal solution that works on both source and target y = 37[21] — x[22] has larger distance dry

in the feature space than other solutions y = LL‘[21] — x[zi], so feature adaptation will not prefer the ideal
solution. Standard self-training also fails because it will choose randomly among y = x[21] — x[gi].

Theorem 3. For any ¢ € (0,0.5), the following statements are true for feature adaptation and
standard self-training:
e For any failure rate £ > 0, and target dataset of size n, > ©(log %), with probability at least 1 — &

over the sampling of target data, the source solution éFA, (/A)FA found by feature adaptation fails on
the target domain:

EI'I'Q (éFA7 (ZBFA) 2 €. (46)

o With probability at least 1 — ﬁ over the training the source solution, the solution (éST, éST) of
standard self-training satisfies

Errg(0st, pst) > €. 47)

In comparison, we show that CST can recover the ground truth with high probability.
Theorem 4. For any failure rate & > 0, and target dataset of size ny > O(log %) with probability at

least 1 — & over the sampling of target data, the feature extractor quSCST found by CST and the head
Ocst recovers the ground truth of the target dataset:

EITQ(éCST; dest) = 0. (48)

Intuitively, CST successfully learns the transferable feature :1:[21] — x[22] because it enforces the

generalization of the head 0, (¢) on the source data.
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A.4 Proof of Theorem 3

We first describe the insights of the proof. As shown in Lemma 8, every source solution can be
categorized into d — 1 classes according to the coordinate [ of the learned weight ¢. Among those
d — 1 classes, only [ = 2 works on the target domain and [ € {3, -- - d} do not work on the target.
We then show that in feature adaptation, [ € {3, - - - d} results in smaller distance between source and
target feature distributions as a result of Lemma 9, thus feature adaptation will choose I € {3, - - - d}.
On the other hand, standard self-training with randomly select [ in the possible d — 1 choices, but
only [ = 2 works.

Lemma 8. Under the condition of Section 4, any solution 6, ¢ to the Source Only problem
min [|0113 + 61, s:t. Lp(60,9) = 0. (49)

must have the following form: Ji,j € {2,3,---m}, | € {2,3,---d}, ¢; = 2%ey, ¢ = 28e;, o =
Ofork #i,j, and 6; = 0; =275, 0, = 0 for k # i, J.

Proof of Lemma 8. Define the symmetric matrix A = Y ", 0;¢:¢, , then the networks can be
represented by A: fp 4(z) = 2T Az. We show that A;; = 0 for i # j if fy 4 recovers source ground
truth.

First, for 4,5 > 1, let zqy = 1, zo0 = 1 — 2¢; — 2¢4, 3 = 1 — 2¢;, and x4 = 1 — 2¢;, where
{e;} are the standard bases. Since the source ground truth y = a:[21] — x[zz], and z() = *lxy for

k€{3747'”d}’y1:y2:y3:y4~

Y1+ Yo + Y3 — ya =21 Avy + 29 Ay — 13 Azy — ) Azy (50
=21T A1 +4A;; +4A;; —41" Ae; — 417 Ae; + 84,5 (51)
— (1T AL +44;; +4A;; — 417 Ae; — 417 Ae;) (52)
=84;; = 0. (53)
We then show A; ; = 0 for j € {2, 3, - - d} using the fact that y; = ya.
Y1 — ya =z Azy — z) Ay (54)
=1TA1 - (1T A1 — 417 Ae; + 44;) (55)
=417 Ae; — 44, (56)
=0. (57

From equation 53 we know A;; = 0if ¢ # 1. Then we also have A;; = A;; = 0. Therefore we
can write y in the following form: y = 2" Az = Zle Aiixﬁ] We also have the source ground
truth y = a:[zl] - :v[QQ], and zpy) = Flap for k € {3,4,---d}. Then A must satisfy A;; = 1,
2?22 Aj; = —1, and all other entries of A equals to 0.

We have found the form of source ground truth matrix A. It suffices to show that the minimal norm
solution of # and ¢ subject to the form of A must be in the form of Lemma 8.

m 1 1
1913 + NIl =D 67 + 5 ol + Sllill3 (58)
m 2
>3 325 (16i]l|e:]3)® (59)
7
% 3

>3.2%

ez-||<z>i|%> +3-25 [ N —aillonl3 (60)

1:0,<0

(¥
1:0,>0
%
:3-2§< > A”—) +3.25 [ Y Ay =328 61)
i:A;; >0

:A;;<0
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The first inequality holds due to AM-GM inequality, where it takes equality iff 07 = %Hqﬁz |2 for all
1. The second inequality holds due to Jensen inequality. The situation where both inequality take
equality is exactly the form of Lemma 8.

Lemma 9. Suppose Q = {xl}, are ii.d. samples from target distribution Q, then with high
probability, E y)N@]I(w[l] = 0) is close t0 0.5:

— nt 2
P ([Eq, ) gllon =0) = 0.5) > t) < &2t (62)
Proof of Lemma 9. Since each coordinate of x follows ¢, I(z;; = 0) — 0.5 is a sub-Gaussian variable
with o = 0.5. We then apply standard Hoeffding’s inequality to complete the proof. O

Proof of Theorem 3. We have the conclusion of Lemma 8. For simplicity we suppose without loss
of generality that the source solution has the following form: 31 € {2,3,---d}, ¢1 = 25eq, oy =
2%61, ¢ =0fork € {3,---m},and 6; = 0 = 2’%, 0, = 0for k € {3,---m}. Then these
solutions can be categorized into two classes: (1) When [ = 2, the source solution also works on the
target, i.e. Lo(6,¢) = 0. (2) When [ € {3, - - - d}, the source solution does not work on the target,

Errg(0,¢) =1 = E@y)~ol(fo.s(z) = y) (63)
=1-Ey)~ol(af) = 2fy) (64)
=1- E(w,y)NQH(l'[l] = 0and T2 = O) - E(m)y)NQH(ZE[l] 75 0 and Hap) 75 0) (65)
=05 (66)

To prove that feature adaptation learns the solution that does not work on the target domain, we show
that with high probability, the solution belonging to situation (1) has larger total variation between

source and target feature distributions h4 P and hy(). In fact, the distributions of hy P are the same for
solutions in situation (1) and situation (2):

0.81, (21,22) = 23(0,0)
0.09, (z1,22) =25(0,1
E(w,y)NP (h¢(x) = (21722)) = 0.09 Ezi Zzg = 2%51 0;
0.01, (21,22) =23(1,1)

For the target dataset, the distribution of features is different for solutions from situation (1) and
situation (2). When [ = 2, denote by h;() the feature distribution.

?ryy)NQH(xm =0), (21, 22) = 2%(07 0)
E., .ollzyg =0E,_ .\ slzg #0), (21,2)=25(0,1)
E ., eg (ho(@) = (z1,22) = { [ @0~@ T 0 (wa)n@ -2!
E @ ynal@n = 0B ) al(zy #0),  (21,22) = 23(1,0)
1
E?%y%@ﬂxm #0), (21,22) =23(1,1)

When [ € {3, --d}, denote by hzﬁ@ the feature distribution. since x[;; = (1] in the target domain,
(21, 22) can only be 23 (0,0) or 2 (1, 1),

B yng (ho(@) = (21, 22)) = { B

We then instantiate Lemma 9 with ¢ = 0.14: With probability at least 1 — 6, 0.36 < E(m U)N@]I(xm =
0) < 0.64 for any n, > Clog (%), where C' > 26 is a constant. Finally, we show that
dry(hgP, h2yQ) < dry(hy P hayQ) as long as 0.36 < B, 5l(wy = 0) < 0.64 to prove that
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feature adaptation will select solutions in situation (2).

1 1
drv(hs P hsQ) =5 ‘IE2 Iz = 0) — 0.81’ +5 ‘]Efw)NQH(x[l] £0) - 0.01‘ (67)

(z,y)~Q
+ ‘E(w,y)wél(x[l] = 0)E,, ,,-ollzy #0) - 0.09‘ 68)
2
=081 =B ) gllen =0) (69)

1 1
5 [Bmallon =0) 081 + 5 [B, ) olwy £0)—001] D

=drv(hy P, hy Q) (72)
when 0.36 <E, y)N@H(a:[l] = 0) < 0.64, which completes the proof of feature adaptation.

In standard self-training, when training the source solution, the probability of [ equalling each value
in {2, 3, - - d} is the same, but only [ = 2 is the solution working on the source domain. Then when
training on the source ground truth and target pseudo-labels, the model will make [ unchanged. Thus
the probability of recovering the target ground truth is only ﬁ. O

A.5 Proof of Theorem 4

Similar to the proof of Theorem 3, we use the conclusion of Lemma 8 to show that | = 2 indicates the
source solution that works on the target domain, while the solutions corresponding to ! € {3, - - - d}
will have large error on the target domain. Then we show that only [ = 2 makes the training objective
of cycle self-training Lcst = 0. This is due to the fact that [ = 2 will make the spans of source and
target features identical, while I € {3, - - - d} makes the spans of source and target features different

and thus 0, () # 6.

Proof of Theorem 4. We still use Lemma 8. To prove that cycle self-training recovers the target
ground truth, it suffices to show that Ezc pl(go, (hg (7)), 95, (4) (he(x))) = 0 when I = 2, and

Eqepl(go, (ho(2)), 95, s (hs())) # O when L € {3,---d}.
When ! € {3,---d}, since x%l] = 16[2” in the target domain, the target pseudo-labels are all 0. Then we

solve the problem 6, (¢) = arg ming [|6]3, s.t. E,col(fo,.0(2), fo,6(2)) to get the target classifier

0, (¢). Since we want the target solution with minimal norm, ét(¢) = 0, and we can calculate Lcst
as follows:

E;I;GPE(QQS (h¢($)), g@t(¢)(h¢(9€))) = E(m,y)wP(y - fét(qﬁ)@(l'))Q = ]E(z,y)NPy2 =0.18. (73)

When | = 2, we show that 23¢; + 2%62, 2%61, 235 and 0 all appear in the target feature set
with high probability. The probability that the target feature set does not contain each one in

23e1 4 23 eq, 25 €1, 25 e5 and 0 equals to (2)™. Therefore with a union bound we can show that
23e; +27eg,23 e, 23 e5 and 0 all appear in the target feature set with probability at least 1 —4 (%)nt .
In this case, 0;(¢) = argmin ||0]2, s.t. E,col(fo,.0(2), fo,p(x)) results in 0,(¢) = 05, which
means if n; > O(log %), with probability at least 1 — £ over the sampling of target data,

Lest = Eaepl(go, (ho(2)), 95, (4) (ho(2))) = 0. (74)
O
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B Implementation Details

We use PyTorch [44] and run each experiment with 2080Ti GPUs. CBST, KLD, and IA results are
from their original papers. We use the highest results in the literature for DANN, MCD, CDAN, and
MDD. VAT, FixMatch, MixMatch and DIRT-T are adapted to our datasets from the official code. We
adopt the pre-trained ResNet models provided in torchvision. For BERT implementation, we use the
official checkpoint and PyTorch code from https://github.com/huggingface/transformers.

B.1 Dataset Details

OfficeHome [64] https://www.hemanthdv.org/officeHomeDataset.html is an object recog-
nition dataset which contains images from 4 domains. It has about 15500 images organized into 65
categories. The dataset was collected using a python web-crawler that crawled through several search
engines and online image directories. The authors provided a Fair Use Notice on their website.

VisDA-2017 [45] https://github.com/VisionLearningGroup/taskcv-2017-public/
tree/master/classification uses synthetic object images rendered from CAD models as the
training domain and real object images cropped from the COCO dataset as the validation domain.
The authors provided a Term of Use on the website.

DomainNet [46] http://ai.bu.edu/M3SDA/#dataset contains images from clipart, infograph,
painting, real, and sketch domains collected by searching a category name combined with a domain
name from searching engines. The authors provided a Fair Use Notice on their website.

Amazon Review [10] https://www.cs. jhu.edu/~mdredze/datasets/sentiment/ contains
product reviews taken from Amazon.com from many product types (domains). Some domains (books
and dvds) have hundreds of thousands of reviews. Others (musical instruments) have only a few
hundred. Reviews contain star ratings (1 to 5 stars) that can be converted into binary labels if needed.

B.2 Bi-level Optimization

In Section 3.1, we highlight that the optimization of CST involves bi-level optimization. In the inner
loop (equation 4), we train the target classifier 6;(¢) on top of the shared representations ¢, thus
0:(¢9) is a function of ¢. Moreover, the target classifier 6;(¢) is trained with target pseudo-labels
', which are the sharpened version of the outputs of the source classifier §, on top of the shared
representations ¢. In this sense, 8;(¢) relies on 85 and ¢ through g’ implicitly, too. In the outer loop
(equation 5), we update the shared representations ¢ and the source classifier 65 to make both the
source classifier 65 and the target classifier 0;(¢) perform well on the source domain. Since 0;(¢)
relies on ¢ and 6, the objective of equation 5 is a bi-level optimization problem. We can derive the
gradient of the loss w.r.t. ¢ and 6, as follows:

VolLp(0s,6) + Lp(0:(0), 6)] (75)
~VoLp(0.,0) + TECLOR0) D8 :((j))’ J dggé} )
o OLp(0:(8),0)  OLp(0i(0),0) | 00,(¢)  00,(¢) Dy
=VsLp(0s,¢) + P 56 —|— 89,5((;3) [ 90 + By 3¢‘| .

OL5(0:(9), 6) 96:(9) Dy’
8ét(¢) dy' 90,

However, following the standard practice in self-training, we use label-sharpening to obtain target
pseudo-labels ¢/, i.e. y' = argmax;{fp, ¢()[; }. Thus, y' is not differentiable w.r.t. f, and ¢. We
treat the gradient of 3y’ w.r.t. 85 and ¢ as 0 in equation 75 and equation 76, making optimization easier.
This modification leads to exactly equation 7 and equation 8 in Algorithm 1 together with the Tsallis
entropy loss.

Vo.[Lp(0s,0) + Lp(0:(6), )] = Vo, Lp(0s, ) +

(76)

Speeding up bi-level optimization with MSE loss. Standard methods of bi-level optimization back-
propagate through the inner loop algorithm, which requires computing the second-order derivative
(Hessian-vector products) and can be unstable. We propose to use MSE loss instead of cross entropy
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in the inner loop when training the head 6(¢) to calculate the analytical solution with least square and
directly back-propagate to the outer loop without calculating second-order derivatives. The framework
is as fast as training the two heads jointly. To adopt MSE loss in multi-class classification, we use
the one-hot embedding as the output and train a multi-variate regressor following the protocol of
Arora et al. [3]. We calculate the least square solution of 6;(¢) based on one minibatch following the
protocol of Bertinetto et al. [9]. We also provide results of varying batchsize to verify the performance
of this approximation in Table 7. Results indicate that the performance of CST is stable in a wide
range of batchsizes.

Table 7: Accuracy (%) on VisDA-2017 with ResNet-50

Method | Accuracy

CST (batchzize 32) 79.9 £ 0.6
CST (batchzize 64) 79.9 +£ 0.5
CST (batchzize 128) | 79.6 £ 0.4
CST (batchzize 256) | 79.0 0.6

B.3 Selection of «

We can also update o with gradient methods auto-differentiation tools as we treat ¢. However,
since « has only one parameter but many other parameters (5 o, and 6, ,,) rely on it, using gradient
methods is costly. To ease the computational cost, we choose to discretize the feasible region of
a € [1,2] with @ € {1.0,1.1,---1.9,2.0}, and train 6, ,, with each o € {1.0,1.1,---1.9,2.0} to

generate pseudo-labels and train 6; , on pseudo-labels corresponding to each value of a. Then
we select the « € {1.0,1.1,---1.9,2.0} with best performance on the source dataset following
equation 10. We also update « at the start of each epoch, since we found more frequent update leads
to no performance gain. Since we only need to select « once at the start of each epoch, the resulting
additional computational cost only relates to training the linear head on the source and target datasets
for additional 11 times per epoch, which is negligible compared to training the backbone.

We plot the change of « throughout training in Figure 6. o converges to smaller value at the end of
training, indicating that the penalization on uncertainty is increasing. Also note that « tends decrease
slower for “heuristically distant” source and target domains. This corroborates the intuition that we
need to penalize uncertain predictions mildly especially when the domain gap is large.

ok ~saxk Pr— Rw *k e * wgax C|l = Pr
1.8 * 1.8 L * * kK *
* * * * = &
1.6 * 1.6 * ok * ok k
- - N .o ok & o
IS S
1.4 * ok * 1.4 ok * * ek ok * *
* K * ok okdok * * ek ok * *k Kk * ok ok kk deodk k ok ok *
1.2 * ok ok kk ko ik *k Kk o kK * *k Kk 1.2 Yo & Yok * * Kk * *
* * * * * * *h ok k * W kokobk * Xk * * * Yok *
1.0 x ok ek * ootk % * ook ok ook 1.0 * % ook
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Figure 6: Change of o during training.
Difference between 0, and 0 ,. We use 6, to update the feature extractor ¢ and test on the

target domain after training. 65, is only used to search the optimal «, and the gradient does not
back-propagate to ¢.

C Additional Experiment Details

C.1 Additional Details of Section 2.1

In Figure 2 (Left), we use VisDA-2017 with 12 classes. To simulate the i.i.d., covariate shift and label
shift setup, we resample the original Synthetic (source) and Real (target) datasets. In the i.i.d. setting,
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the labeled dataset consists of 1000 random samples per class from Real, and the unlabeled dataset
consists of 1000 random samples (no overlapping with the labeled dataset) per class from Real. In the
covariate shift setting, the labeled dataset consists of 1000 random samples per class from Synthetic,
and the unlabeled dataset consists of 1000 random samples per class from Real. In the label shift
setting, the number of examples is [1800, 1440, 1152, 922, 737,590, 472, 377, 302, 240, 193, 154]
for each class of the labeled dataset and 1000 for each class of the unlabeled dataset, with both
labeled and unlabeled datasets sampled randomly from Real. We train the model on labeled data until
convergence to generate pseudo-labels for the unlabeled data. Then we calculate the ratio of classes
in pseudo-labels and ground truth.

In Figure 2 (Middle), we also visualize the change of pseudo-label accuracy and the distance dry
throughout standard self-training on original Synthetic and Real datasets. Here standard self-training
refers to equation 2 with label-sharpening.

In both Figure 2 (Right) and this subsection, confidence refers to the maximum soft-max output
value, and entropy is defined as ) |, —y;log(y;). We change the confidence threshold from 0 to 1 and
entropy threshold from 0O to log (numclasses). Then we plot the point (False Positive Rate, True
Positive Rate) in the plane.

In Section 2.1, we measure the quality of pseudo-labels with the total variation between pseudo-label
distribution and ground-truth distribution. We show this quantity is upper-bounded by the accuracy
of pseudo-labels. Intuitively, when the pseudo-label distribution and ground-truth distribution are the
same, the output can still be incorrect. (e.g., in a binary problem, P(Y = 1) = P(Y = 0) = 0.5,

and Y ~ uniform[0, 1] but is independent of X.) Recall that dpy(Y,Y) = sup eco)|P(Y €

E) — P(Y € E)|. Suppose the supremum is reached by E. Without loss of generality, assume
P(Y=c¢)>P(Y =c)forallce E. Then P(Y =¢) < P(Y =c¢) forallc ¢ E.

:dTV (Yv }A/) :

In the equality, we use P(Y = ¢) > P(Y = c¢)whenc € E,so P(Y =¢, Y #¢) > P(Y =
¢)—P(Y =c)ifce E. Alsonote that P(Y = ¢, Y #¢) > 0ifc ¢ E.

In this subsection, we provide additional results of Section 2.1. We visualize the distributions
of pseudo-labels and ground-truth with ResNet-50 backbones on Art—Clipart, Product—Art,
Clipart—Real World, Art—Real World and Real World —Product tasks (without resampling) in
Figures 7, 8, 9, 10, and 11 respectively. We also visualize the ROC curve of pseudo-label selection
with confidence threshold. Results on Art—Clipart, Product— Art, Clipart—Real World, Art—Real
World and Real World —Product are similar to VisDA-2017. When the pseudo-labels are generated
from models trained on different distributions, they can become especially unreliable in that examples
of several classes are almost misclassified into other classes. Domain shift also makes the selection
of correct pseudo-labels more difficult than standard semi-supervised learning.
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Figure 7: Analysis of pseudo-labels under domain shift on Art—Clipart. Left: Comparison
of pseudo-label distributions with and without domain shift. Right: Comparison of pseudo-label

selection with and without domain shift.
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Figure 8: Analysis of pseudo-labels under domain shift on Product—Art. Left: Comparison
of pseudo-label distributions with and without domain shift. Right: Comparison of pseudo-label

selection with and without domain shift.
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Figure 9: Analysis of pseudo-labels under domain shift on Clipart— Real World. Left: Compar-
ison of pseudo-label distributions with and without domain shift. Right: Comparison of pseudo-label

selection with and without domain shift.
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Figure 10: Analysis of pseudo-labels under domain shift on Art—Real World. Left: Comparison
of pseudo-label distributions with and without domain shift. Right: Comparison of pseudo-label

selection with and without domain shift.
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Figure 11: Analysis of pseudo-labels under domain shift on Real World—Product. Left: Com-
parison of pseudo-label distributions with and without domain shift. Right: Comparison of pseudo-

label selection with and without domain shift.
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C.2 Results on digit datasets

We provide results on the digit datasets to test the performance of the proposed method without using
pre-training. We use DTN architecture following Long et al. [37]. Results in Table 8 indicate that
CST achieve comparable performance to state-of-the-art.

Table 8: Accuracy (%) on digits datasets with DTN

Method ‘ MNIST—USPS  SVHN—MNIST
CDAN 95.6 £0.2 96.9 £ 0.2
RWOT (CVPR 2020) 98.5+0.2 97.5+0.2
CST | 98.5+0.2 98.2 £0.2

C.3 Results on DomainNet

We test the performance of the proposed method on the 40-class DomainNet [46] subset following
the protocol of Tan et al. [60]. Results in Table 9 indicate that CST outperforms MDD by a large
margin.

Table 9: Accuracy (%) on DomainNet for unsupervised domain adaptation (ResNet-50).
Method \R—C RP RS CR CP CS PR PC PS SR SC S-P \Avg.

DANN [22] | 634 736 72.6 865 657 70.6 869 732 702 857 752 70.0 | 745
COAL [60] | 739 754 705 89.6 700 713 898 68.0 705 880 732 705|759
MDD [73] | 77.6 757 742 895 742 756 902 76.0 746 86.7 729 732|784

CST | 83.9 781 775 909 764 797 90.8 825 765 90.0 82.8 74.4 | 82.0

C.4 Standard deviations of Tables

We visualize the performance of CST and best baselines in Table 3 with standard deviations. Results
indicate that the improvement of CST over previous methods is significant.
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Figure 12: Visualization of standard deviations of CST and baselines. CST outperforms baselines
significantly on all tasks except K—B.
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D Limitations of CST and Future Directions

CST overcomes the drawbacks of standard pseudo-labeling in domain adaptation by dealing with
the domain discrepancy explicitly with the cycle loss. However, pseudo-labeling is only one main
direction of semi-supervised learning. Consistency regularization [40] and self-ensembling [4]
are also important paradigms in semi-supervised learning. How to apply them to the setting with
distribution shift and achieve consistent performance gain is still an open question. More recently,
Carlini [12] investigated the effect of adversarial unlabeled data poisoning to self-training. Future
works can extend CST to this setting and extend consistency regularization as a potential way of
defense.

E Broader Impact

This work studies and improves self-training in the unsupervised domain adaptation setting. When
deployed in real-world applications, distribution shift between labeled and unlabeled data can come
in various ways. Although the quality of labeled datasets can be monitored, enabling the mitigation
of bias in pre-processing, bias in unlabeled datasets can be intractable. Self-training with biased
unlabeled data is highly risky since it may potentially amplify the biased models predictions. This
work explores how to mitigate the effect of dataset bias in unlabeled data, and can potentially promote
fair self-training systems.
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