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Abstract

Recent advances in domain adaptation show that deep
self-training presents a powerful means for unsupervised
domain adaptation. These methods often involve an itera-
tive process of predicting on target domain and then taking
the confident predictions as pseudo-labels for retraining.
However, since pseudo-labels can be noisy, self-training
can put overconfident label belief on wrong classes, leading
to deviated solutions with propagated errors. To address the
problem, we propose a confidence regularized self-training
(CRST) framework, formulated as regularized self-training.
Our method treats pseudo-labels as continuous latent vari-
ables jointly optimized via alternating optimization. We
propose two types of confidence regularization: label reg-
ularization (LR) and model regularization (MR). CRST-LR
generates soft pseudo-labels while CRST-MR encourages
the smoothness on network output. Extensive experiments
on image classification and semantic segmentation show
that CRSTs outperform their non-regularized counterpart
with state-of-the-art performance. The code and models of
this work are available at https://github.com/yzou2/CRST.

1. Introduction

Transferring knowledge learned by deep neural networks
from label-rich domains to a new target domain is an impor-
tant but challenging problem. Such domain change natural-
ly occurs in many applications, such as synthetic data train-
ing [42, 46] and simulation for robotics/autonomous driv-
ing. The existence of cross-domain differences often leads
to considerably decreased model performance, and unsuper-
vised domain adaptation (UDA) aims to address this prob-
lem by adapting source model to target domain with the aid
of unlabeled target data. To this end, a predominant stream
of adversarial learning based UDA methods have been pro-
posed to reduce the discrepancy between source and target
domain features [9, 10, 23, 26, 34, 38, 44, 50, 53, 60].
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Figure 1: Illustration of proposed confidence regularization.
(a) Self-training without confidence regularization gener-
ates and retrains with hard pseudo-labels, resulting in sharp
network output. (b) Label regularized self-training intro-
duces soft pseudo-labels, therefore enabling outputs to be
smooth. (c) Model regularized self-training also retrains
with hard pseudo-labels, but incorporates a regularizer to
directly promote output smoothness.

Image label: car

More recently, self-training with networks emerged as a
promising alternative towards domain adaptation [4, 5, 25,
29, 49, 54, 69]. Self-training iteratively generates a set of
one-hot (or hard) pseudo-labels corresponding to large se-
lection scores (i.e., prediction confidence) in target domain,
and then retrains network based on these pseudo-labels with
target data. Recently, [69] proposes class-balanced self-
training (CBST), formulating self-training as unified loss
minimization with pseudo-labels that can be solved in an
end-to-end manner. Instead of reducing domain gap by min-
imizing both the task loss and domain adversarial loss, the
self-training loss implicitly encourages cross-domain fea-
ture alignment for each class by learning from both labeled
source data and pseudo-labeled target data.

Early work [29] shows that the essence of deep self-
training is entropy minimization - pushing network output
to be as sharp as hard pseudo-label. However, 100% accu-
racy cannot always be guaranteed for pseudo-labels. Trust-
ing all selected pseudo-labels as “ground truth” by encoding
them as hard labels can lead to overconfident mistakes and
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propagated errors. In addition, semantic labels of natural
images can be highly ambiguous. Taking a sample image
from VisDA17 [42] (see Fig. 1) as an example: both person
and car dominate significant portions of this image. Enforc-
ing a model to be very confident on only one of the class
during training can hurt the learning behavior [2], particu-
larly within the under-determined context of UDA.

The above issues motivate us to prevent infinite entropy
minimization in self-training via confidence regularization.
A natural idea is to generate soft pseudo-label that redis-
tributes a certain amount of confidence to other classes.
Learning with soft pseudo-labels attenuates the misleading
effect brought by incorrect or ambiguous supervision. Al-
ternatively, to achieve the same goal, one can also encour-
age the smoothness of output probabilities and prevent over-
confident prediction in network training. Both ideas are il-
lustrated in Fig. 1. At high-level, the major goal of CRST is
still aligned with entropy minimization. However, the con-
fidence regularization serves as a safety measure to prevent
infinite entropy minimization and degraded performance.

In this work, we choose CBST [69] as a state-of-the-art
non-regularized self-training baseline, and propose a vari-
ety of specific confidence regularizers to comprehensively
validate CRST. Our contributions are listed as follows:

e In section 3, We generalize CBST to continuous CBST
as a necessary preliminary for introducing our CRST,
where we relax the feasible space of pseudo-labels
from one-hot vectors to a probability simplex,

e In section 4.1, we introduce label regularized self-
training (CRST-LR). CRST-LR generates soft pseudo-
labels for self-training. Specifically, we propose a la-
bel entropy regularizer (LRENT). In section 4.2, we
introduce model regularized self-training (CRST-MR).
CRST-MR introduces an output smoothing regularizer
to network training. Specifically, we introduce three
model regularizers, including Lo (MRL2), entropy (M-
RENT), and KLD (MRKLD).

e In section 5, we investigate theoretical properties of
CRST, and prove that CRST is equivalent to regular-
ized Classification Maximum Likelihood which can
be solved via Classification Expectation Maximization
(CEM). We also prove the convergence of CRST, and
show that LRENT-regularized pseudo-label is equiva-
lent to a generalized softmax with temperature [22].

e In section 6, we comprehensively evaluate CRST
on multiple domain adaptation tasks, including im-
age classification (visDA17/Office-31) and seman-
tic segmentation (GTAS/SYNTHIA — Cityscapes).
We demonstrate state-of-the-art or competitive results
from the proposed framework, and discuss the com-
parison between different regularizers in section 7. We
also show that LR+MR may benefit self-training.

2. Related works

Self-training: Self-training has been widely investigated
in semi-supervised learning [65, 1, 18]. An overview of
different self-training techniques is presented in [59]. Re-
cent interests in self-training were revitalized with deep
neural networks [29]. A subtle difference between self-
training on fixed features and deep self-training is that the
latter involves the learning of embeddings which renders
greater flexibility towards domain alignment than classifier-
level adaptation. Within this context, [69] proposed class-
balanced self-training (CBST) and achieved state-of-the-art
performance in cross-domain semantic segmentation.
Domain adaptation: (Unsupervised) domain adaptation
(UDA) has recently gained considerable interests. For U-
DA with deep networks, a major principle is to let the net-
work learn domain invariant embeddings by minimizing the
cross-domain difference of feature distributions with cer-
tain criteria. Examples of these methods include maximum
mean discrepancy (MMD) [33, 62], deep correlation align-
ment (CORAL) [56], sliced Wasserstein discrepancy [28],
adversarial learning at input-level [16, 24, 68], feature lev-
el [8, 14, 23, 31, 50, 61, 64], output space level [60], and
a variety of follow up works [10, 34, 44, 53] etc. Open set
domain adaptation [40, 52] focuses on the problem where
classes are not totally shared between source and target do-
mains. More recently, there have been multiple deep self-
training/pseudo-label based methods that are proposed for
domain adaptation [4, 20, 25, 49, 54, 69].
Semi-supervised learning (SSL): There exist a natural
strong connection between domain adaptation and semi-
supervised learning with their problem definitions. A se-
ries of teacher-student based approaches have been recently
proposed for both SSL [27, 58, 37] and UDA problems|[ 13].
Noisy label learning: Self-training can also be regard-
ed as noisy label learning [39, 45, 55, 66] due to potential
mistakes on pseudo-labels. [45] introduced a bootstrapping
method for noisy label learning. [55] proposed an extra
noise layer into the network adapting the network outputs
to match the noisy label distribution.

Network regularization: Regularization is a typical ap-
proach in supervised neural network training to avoid over-
fitting. Besides the standard weight decay, typical regu-
larization techniques include label smoothing [17, 57, 32],
network output regularization [43], knowledge distillation
[22]. Yet few principled research have considered regular-
ized self-training within the context of SSL/UDA.

3. Continuous class-balanced self-training

In this section, we review the class-balanced self-training
(CBST) [69] and reformulate it as a continuous frame-
work. Specifically, for an UDA problem, we have access
to the labeled source samples (x5, ys) from source domain
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{Xs, Ys}, and target samples x; from unlabeled target do-
main data Xr. Any target label y; = (9 (1), ,ylfK)) from
YT is unknown. K is the total number of classes. We define
the network weights as w and p(k|x;w) as the classifier’s
softmax probability for class k.

CBST is a self-training framework that performs join-
t network learning and pseudo-label estimation under a u-
nified loss minimization problem. The pseudo-labels are
treated as discrete learnable latent variables being either
one-hot or all-zero. Here, we first relax the pseudo-label
variables to continuous domain, as shown in Eq. (1):

K
min Lop(w,Y) ==Y >y log p(klx; w)
w,Yr s€S k=1

ZZ A(k)l k?|Xt,

teT k=1
sty € AT U {0}, vt

w) )

The feasible set is the union of {0} and a probability sim-
plex AX—1. The continuous CBST is solved by alternating
optimization based on the following a), b) steps:

a) Pseudo-label generation Fix w and solve:

min - 33

Yr teT k=1
N K-1
s.t. Y € A U {0}, Vit

k‘Xt ; )
M )

b) Network retraining Fix Y'T and solve:

K
i (k) .
min — > "y log p(k|xs; w)

seS k=1

K
=38 3 1o0g plklxe; w)

teT k=1

3)

We define going through step a) and b) once as one “self-

training round”. For solving step a), there is a global opti-
G HE)
(@

mizer for arbitrary y; = , s §p ) as follows.
1,if k= argmax{lm}
~(k)* k )\k:
g = “)
t and p(k|x;w) > Mg

0, otherwise

For solving step b), one can use typical gradient-based
methods such as mini-batch gradient descent. Intuitively,
solving a) by (4) is actually conducting pseudo-label learn-
ing and selection simultaneously. Note that ¥ in (4) not
only can be one-hot, but also can be a zero vector 0. For
each target sample (x;,y; ), if y; is an one-hot, the sample
is selected for model retraining. If y; = O, this sample is

not chosen. Specifically, )\ is a parameter controlling sam-
ple selection. If a sample’s predication is relatively confi-
dent with p(k*|x;; w) > A, it is selected and labeled as
class k* = arg maxk{%:;w)}. The less confident ones
with p(k*|x¢; w) < A+ are not selected.

Ay are critical parameters to control pseudo-label learn-

ing and selection. The same class-balanced \; strategy in-
troduced in [69] is adopted for all self-training methods in
this work. )\ for each class k is determined by a single
portion parameter p which indicts how many samples we
want to select in target domain. Specifically, we define the
confidence for a sample as the max of its output softmax
probabilities. For each class k, A is determined by the con-
fidence value selecting the most confident p portion of class
k predictions in the entire target set. We emphasize that on-
ly one parameter p is used to determine all A;’s. Practically,
we gradually increase p to incorporate more pseudo-labels
for each additional round. For detailed algorithm, we rec-
ommend to read Algorithm 2 in [69].
Remark: The only difference between CBST and contin-
uous CBST lies in the feasible set where continuous CB-
ST has a probability simplex while CBST has a set of one-
hot vectors. Although the feasible set relaxization does not
change the solutions of CBST and the pseudo-labels are
still one-hot vectors, continuous CBST allows generating
soft pseudo-labels if specific regularizers are introduced in-
to pseudo-label generation. Thus it serves as the basis for
our proposed label regularized self-training.

4. Confidence regularized self-training

As mentioned in Section 1, we leverage confidence regu-
larization (CR) to prevent the over-minimization of entropy
in self-training. Here, we introduce the general definition of
confidence regularized self-training (CRST):

min ,CCR(W, YT) = ECB (W, YT) =+ OéRc(W, YT)

W,YT
K
==Y yPlogp(klxs; w)
seS k=1
. p(k|xy; .
ST
teT k=1
st g € AK=D U0}, vt (5)
Ro(w,Yr) = > e Te(W,¥¢) is the confidence regular-

izer and o > 0 is the weight coefficient. Similar to CB-
ST, the optimization algorithm of CRST can be formulated
as taking step a) pseudo-label generation and step b) net-
work retraining alternatively. In this paper, we introduce
two types of CRST: label regularized self-training (LR) and
model regularized self-training (MR).
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4.1. Label regularization

The label regularizer has a general form of RC(YT) =
> terTe(¥¢) and only depends on pseudo-labels {y;}.
With fixed w, the pseudo-label generation in step a) of
CRST-LR is defined as follows:

min — Z [Z A(k)l k|Xt’ ) Och(}A’t)}

Y1 o ter k=1 (6)
s.t. g € AKD U0}, vt

The global minimizer of (6) can be found via a two-
stage optimization given the special structure of the feasi-
ble space. The first stage involves minimizing (6) within
A =1 only, which gives yj . The second stage is to select
between yI or 0 by checking which leads to a lower cost:

g | ¥l i CE) <o)
K 0 , otherwise

)

where C(y;) is the cost of a single sample ¢ in (6):

:) = k) Zl k|Xt7

Note that the above regularized term prefers selecting
pseudo-labels with certain smoothness rather than sparse
ones. In addition, CRST-LR and CBST share the same net-
work retraining strategy in step b).

Specifically, we introduce a negative entropy label regu-
larizer (LRENT) in Table 1 with its definition and the cor-
responding solution of y|. For clarity, we write p(k|x; w)
as p(k|x;) for short. y] can be obtained via solving with a
Lagrangian multiplier (KKT conditions) [3]. The detailed
derivations are shown in Section B of the Supplementary.

+ are(yt)

4.2. Model regularization

The model regularizer has a general form of R¢o(w) =
> er Te(p(X¢; W)) where p(x;; w) is the network softmax
output probabilites. Compared to CBST, CRST-MR has the
same hard pseudo-label generation process. But in network
retraining of step b), CRST-MR uses a cross-entropy loss
regularized by an output smoothness encouraging term. We
define the optimization problem in step b) as follows:

K
min —» >y log p(k|xs; w)

sES k=1

@®)
_ZZyt log p(k|x¢; w) — are(p(xs; w))]

teT k=1

Specifically, we introduce three model regularizers in Ta-
ble 1 based on Ly, negative entropy and KLD between uni-
form distribution u and softmax output. The gradients w.r.t.
softmax logits z; are also provided. H (p) is the entropy.

Regularizer Pseudo-label solution (LR)/Gradient (MR)

(p(f\x ))i

K AT _
LRENT | % 4" 10g (3") S
k=1 E 1( \m)

K
MRL2 S plk|x)?

2 3~ p2(hkfxe)[oki — plil)], By = 1k = 1]
k=1 k=1

MRENT i p(klxt) log p(klx:) p(ilxe)[log p(ilx:) + H(p(x1))]

MRKLD —2 . log p(k|x;) plilx) — %

Table 1: List of proposed regularizers with corresponding
pseudo-label solution or gradients w.r.t. softmax logit z;.

5. Theoretical properties
5.1. A probabilistic view of CRST

There exists an inherent connection between the CRST
and some probabilistic models. Specifically, the CRST self-
training algorithm can be interpreted as an instance of clas-
sification expectation maximization [1]:

Proposition 1. CRST can be modeled as a regularized clas-
sification maximum likelihood (RCML) problem optimized
via classification expectation maximization.

Proof. Please refer to Section A.1 of Supplementary. O

Proposition 2. Given pre-determined A\, CRST is conver-
gent under certain conditions.

Proof. Please refer to Section A.2 of Supplementary. O

5.2. Soft pseudo-label in LRENT

There is an intrinsic connection between the soft pseudo-
label of LRENT (given in Table 1) and softmax with tem-
perature. Softmax with temperature [22] is a common ap-
proach in neural network for scaling softmax probabilities
with applications in knowledge distillation [22], model cal-
ibration [19], etc. Typically, networks produce categorical
probabilities by a softmax activation layer to convert the
logit z; for each class into a probability p(i). And the soft-
max with temperature introduces a positive temperature o
to scale its smoothness as follows.

i) = == ©)

=1,...,

For high temperature (v — 00), the new distribution is
softened as a uniform distribution that has the highest en-
tropy and uncertainty. For temperature o = 1, we recov-
er the original softmax probabilities. For low temperature
(o — 0), the distribution collapses to a sparse one-hot vec-
tor with all probability on the class with the most original
softmax probability. Now we draw the connection of soft
pseudo-label in LRENT to softmax with temperature:
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Proposition 3. If A\ are equal for all k, the soft pseudo-
label of LRENT given in Table 1 is exactly the same as soft-
max with temperature.

Proof.
i|lxe) L 1 e®i %
U e v AN 1) LA >
t klze)\L P o 1
AC LD I CEALED IS
()" e
Sile)s  Yped

The soft pseudo-label of LRENT can be regarded as a
generalized softmax with temperature. In self-training, if
selected properly, A\; can help to generate class-balanced
soft pseudo-labels.

Proposition 4. KLD model confidence regulared self-
training is equivalent to self-training with pseudo-label u-
niformly smoothed by e = (Ka — o) /(K + Ka), where «
is the regularizer weight.

Proof. Please refer to Section A.3 of Supplementary. [

Proposition 5. Dy (p(x:)||u) KLD model regularizer
(the reverse of the proposed D1 (u||p(x:)) KLD regular-
izer) is equivalent to entropy model regularizer —H (p(x¢)),
where  is the uniform distribution.

Proof. Please refer to Section A.4 of Supplementary. O

6. Experiments

In this section, we conduct comprehensive evaluation on
different domain adaptation tasks.
Adaptation for image classification: We consider two
adaptation benchmarks: 1) VisDA17 [42] and 2) Office-31
[48]. VisDA17 contains 152,409 2D synthetic images of
12 classes in the source training set and 55,400 real im-
ages from MS-COCO [30] as the target domain validation
set. Office-31 is a small-scale dataset containing images
of 31 classes from three domains - Amazon (A), Webcam
(W) and DSLR (D). Each domain contains 2,817, 795 and
498 images respectively. We follow the standard protocol
in [48, 53] and evaluate on six transfer tasks A — W,
D—-W,W-—-D,A—D,D— A,and W — A.
Adaptation for semantic segmentation: We consider t-
wo popular synthetic-to-real adaptation scenarios: 1) G-
TAS [46] to Cityscapes [11], and 2) SYNTHIA [47] to C-
ityscapes. The GTAS dataset includes 24, 966 images ren-
dered by GTAS game engine. For SYNTHIA, we choose
SYNTHIA-RAND-CITYSCAPES which includes 9,400
labeled images. Following the standard protocols [23, 60],

we adapt the model to the Cityscapes training set and eval-
uate the performance on the validation set.

To comprehensively demonstrate the improvement of
CRST, we report the performance of CRST with all regu-
larizers and compare with CBST in each task.

6.1. Implementation details

Image classification: For VisDA17/Office-31, we imple-
ment CBST/CRSTs using PyTorch [4 1] and choose ResNet-
101/ResNet-50 [21] as backbones. For fair comparison, we
compare to other works with the same backbone networks.
Both backbones are pre-trained on ImageNet [12], and then
fine-tuned on source domain using SGD, with learning rate
1 x 1073, weight decay 5 x 10~*, momentum 0.9 and batch
size 32. For self-training, we apply the same training strat-
egy but a different learning rate 1 x 104,

Semantic segmentation:  For semantic segmentation,
we further consider DeepLabv?2 [6] as a backbone besides
the ResNet-38 backbone in [69]. For experiments with
DeepLabv2, we implement CBST/CRSTs using PyTorch,
while following the MXNet [7] implementation of [69] for
experiments with ResNet-38. DeepLabv?2 is pre-trained on
ImageNet and fine-tuned on source domain using SGD,
with learning rate 2.5 x 10~%, weight decay 5 x 10~%, mo-
mentum 0.9, batch size 2, patch size 512 x 1024, multi-
scale training augmentation (0.5 — 1.5) and horizontal flip-
ping. In self-training, we apply SGD with learning rate of
5 x 10~°. For fair comparison, we unify the total number of
self-training rounds to be 3, each with 2 re-training epochs.

6.2. Domain adaptation for image classification

VisDA17: We present the results on VisDA17 in Table 2 in
terms of per-class accuracy and mean accuracy. For each
proposed approach, we run 5 times and report the average
and standard deviation of the evaluation results. Note that
both MRKLD and LRENT outperform the non-regularized
CBST, whereas MRL2 and MRENT show slightly worse
results. Among CRSTs with single regularizer, MRKLD
achieves the best performance with considerable improve-
ment. The combination of MRKLD and LRENT further
outperforms single regularizers and other recently proposed
methods. Interestingly, the result even outperforms certain
methods with a stronger backbone ResNet-152 [44, 53].
Office-31: We compare the performance of different meth-
ods on Office-31 with the same backbone ResNet-50 in Ta-
ble 3. All CRSTs achieve similar results that outperform the
baseline CBST. In addition, MRKLD+LRENT again out-
performs single regularizers, achieving comparable or bet-
ter performance compared with other recent methods.

6.3. Domain adaptation for semantic segmentation

GTAS — Cityscapes: Table 4 shows the adaptation per-
formance of CRSTs and other comparing methods. On a
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Method Aero Bike Bus Car Horse Knife Motor Person Plant Skateboard Train Truck Mean
Source [50] 55.1 533 61.9 59.1 80.6 17.9 79.7 31.2 81.0 26.5 73.5 8.5 524
MMD [33] 87.1 63.0 76.5 42.0 90.3 429 85.9 53.1 49.7 36.3 85.8 20.7 61.1
DANN [15] 81.9 71.7 82.8 443 81.2 29.5 65.1 28.6 51.9 54.6 82.8 7.8 574

ENT [18] 80.3 75.5 75.8 48.3 779 273 69.7 40.2 46.5 46.6 79.3 16.0 57.0
MCD [51] 87.0 60.9 83.7 64.0 88.9 79.6 84.7 76.9 88.6 40.3 83.0 25.8 71.9
ADR [50] 87.8 79.5 83.7 65.3 923 61.8 88.9 73.2 87.8 60.0 85.5 323 74.8
SimNet-Res152 [44] 94.3 82.3 73.5 47.2 87.9 49.2 75.1 79.7 85.3 68.5 81.1 50.3 72.9
GTA-Res152 [53] : - - - - - B . - B B B 77.1
Source-Res101 68.7 36.7 61.3 70.4 67.9 5.9 82.6 255 75.6 29.4 83.8 10.9 51.6

CBST 872424 788+1.0 56.5+2.2 55443.6 85.1+£14 79.2+10.3 83.84£0.4 77.7+4.0 82.8+2.8 88.8+3.2 69.0+2.9 72.0+£3.8 | 76.4+0.9

MRL2 87.0£29 79.5+1.9 57.1£3.2 547+29 855+1.1 78.1+11.7 83.0£1.5 77.7+£3.7 824+1.7 88.6+2.7 69.1£2.2 71.843.0 | 76.2£1.0

MRENT 87.1+£2.7 783+0.7 56.1+4.0 544427 84.4+23 79.9+10.6 83.7+1.1 77.9+44 82.7+24 87.4+2.8 70.0+1.4 72.843.3 | 76.2+0.8

MRKLD 87.3+2.5 79.4+19 60.5+24 59.7+25 87.6+14 82.4+44 86.5+1.1 784426 84.6+1.7 864+2.8 725424 69.8+2.5 | 77.9+0.5

LRENT 87.7+2.4 78.7+0.8 57.3+3.3 545+4.0 84.8+1.7 79.7+10.3 842414 774437 83.1+1.5 88.3+2.6 70.9+2.1 72.6+24 | 76.6+0.9

MRKLD+LRENT 88.0+0.6 79.24+2.2 61.0+3.1 60.0£1.0 87.5+1.2 81.4+56 86.3+1.5 788+2.1 85.6+0.9 86.6+2.5 73.9+1.3 68.842.3 | 78.1+0.2
Table 2: Experimental results on VisDA17.
Method ASW  DoW W=D A-D  DSA  WoA | Mean e . .
ResNet-50 [21] | 684202 96.7+0.1 993%0.1 68.9+02 625503 60.7403 | 76.1 the sensitivity analySIS of o on W — A in Table 7. We can
DAN [33] 805404 971402 99.6+0.1 78.6£02 636403 62.8+02 | 80.4 o p P
RTN [35] 845402 968401 99401 775403 662402 648403 | 816 see all CRSTs are not sensitive to « in certain intervals.
DANN[I5] | 820404 969402 99.1£0.1 797404 682404 674405 | 82.2
ADDA[61] | 86240.5 962403 984+0.3 77.8403 69.5£04 68.9+0.5 | 829
JAN [36] 854203 974402 99.8402 847403 686403 70.0£04 | 843 . :
GTA [53] 895405 979403 99.8404 877405 728403 714404 | 865 7. Discussions
CBST 878408 985401 10050.0 865110 712404 709407 | 8538
MRL2 884202 98.6+£0.1 100+0.0 877209 718402 721402 | 864 : .
MRENT 880404 98.640.1 100400 87.4+108 727402 71.0+04 | 864 7.1. Why confidence regularlzatlon work?
MRKLD 884209 987401 100+0.0 88.0+£09 717408 709404 | 863
LRENT 88.6£04 987+0.1 100+0.0 89.0+£0.8 720406 71.0£03 | 866 st
MRKLD+LRENT | 89.4+0.7 989404 100+0.0 887+08 726407 70.9+0.5 | 868 Confidence regularization smooths the output by lower-

Table 3: Experimental results on Office-31.

DeepLabv2 backbone, one could see that MRKLD achieves
the best result outperforming previous state-of-the-art. In
addition, Fig. 2 visualizes the adapted prediction results
obtained by CBST and CRSTs on Cityscapes validation set.
Fig. 3 further compares the pseudo-label maps in the sec-
ond round of self-training. On a wide ResNet-38 backbone,
all CRSTs outperform the baseline CBST and we achieve
the state-of-the-art system-level performance with the spa-
tial priors (SP) and multi-scale testing (MST) from [69].

SYNTHIA — Cityscapes: Table 5 shows the adaptation
results where CRSTs again show the performance on par
with or better than the baseline CBST. In particular, M-
RKLD maintains the best performance among all regular-
izers and outperforms the previous state-of-the-art [69].

6.4. Parameter analysis

p is an important parameter controling the pseudo-label
generation and selection sensitivity. We adopt the same p
policy as [69] where we start p from 20%, and empirical-
ly add 5% to p in each additional self-training round. We
conduct a sensitivity analysis for portion p similar to [69],
where we consider the starting portion pg and the incremen-
tal portion Ap on a difficult task of Office-31: W — A.
Table 6 shows that CRSTs are not sensitive to pg and Ap.

In CRST, the coefficient « is an important parameter that
balances the weight between self-training loss and confi-
dence regularizer. In all the experiments, we unify o to be
0.025,0.1,0.1,0.25 for MRL2, MRENT, MRKLD and L-
RENT, respectively. Note that various regularizers have d-
ifferent o due to their intrinsic differences. We also present

ing the confidence (the max of output softmax) and raising
the probability level of other classes. Such smoothing helps
to reduce the confidence on false positives (FP), although
the confidence of certain true positives (TP) may also de-
crease. To see the change w/wo CR, we compare CBST
vs MRKLD/LRENT (DeepLabv2) on GTAS — Cityscapes,
by presenting their per-class mean confidence of TP (C'rp),
mean confidence of FP (C'rp) and the Crp/Crp ratios at
the end of first round in Table 8. For both TP and FP, the
confidence of MRKLD/LRENT are lower than CBST, but
either MRKLD or LRENT outperforms CBST on almost all
per-class ratios and mean ratios. This intuitively illustrates
how confidence regularization benefits self-training.

7.2. MR versus LR

We analyze MR/LR intuitively and theoretically to give
suggestions for practical choice of confidence regularizers.
Complexity analysis: All model regularizers only intro-
duce negligible extra costs for the gradient computation.
Label regularizers, however, requires the storage of dataset-
level soft pseudo-labels. This does not present an issue in
image classification but may introduce extra I/O costs in
segmentation, where labels are often too large to be stored
in memory and need to be written to disk.

Loss curves: To further illustrate the different properties
of regularizers, we visualize how they influence the original
loss surfaces by reducing the problem into binary classifica-
tion with a single sample. We assume a cross-entropy loss
—ylogp — (1 — y) log(1 — p) plus an MR/LR weighted by
a. For MRs, we assume y = 1 and illustrate the regularized
loss curves versus p in Fig. 4. For all MRs, p* becomes
smoother when « increases. We notice that MRKLD serves
as a better barrier to prevent sharp outputs than other MRs
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Method Backbone | Road SW Build Wall Fence Pole TL TS Veg. Terrain Sky PR Rider Car Truck Bus Train Motor Bike | mloU
Source DRN-26 427 263 517 55 68 138 236 69 755 115 368 493 09 467 34 50 00 5.0 14 | 217
CyCADA [23] 79.1 331 779 234 173 321 333 318 815 267 690 628 147 745 209 256 69 18.8 204 | 395
Source DRN-105 364 142 674 164 120 201 87 0.7 698 133 569 370 04 536 106 32 02 0.9 0.0 | 222
MCD [51] 903 310 785 197 173 286 309 16.1 837 300 69.1 585 19.6 815 238 300 57 257 143 | 397
Source DeepLaby2 758 168 772 125 210 255 30.1 201 813 246 703 538 264 499 172 259 65 253 36.0 | 36.6
AdaptSegNet [60] 865 360 799 234 233 239 352 148 834 333 756 585 276 737 325 354 39 30.1 28.1 424
AdvEnt [63] DeepLabv2 | 89.4 33.1 81.0 266 268 272 335 247 839 36.7 78.8 587 305 848 385 445 1.7 31,6 324 | 455
Source - - - - - - - - - - - - - - - - - - - 29.2
FCAN [67] Deeplabv2 | - - - - - - - - - - - - - - - - - | 466
Source 713 192 69.1 184 100 357 273 68 796 248 721 576 195 555 155 151 1.7 211 120 | 33.8
CBST 91.8 535 805 327 210 340 289 204 839 342 809 531 240 827 303 359 160 259 428 | 459
MRL2 DeepLabv2 919 552 809 321 215 367 300 190 848 349 801 561 238 839 280 294 205 240 403 | 46.0
MRENT 91.8 534 80.6 326 208 343 297 210 840 341 806 539 246 828 308 349 166 264 426 | 46.1
MRKLD 91.0 554 80.0 337 214 373 329 245 850 341 808 577 246 841 278 301 269 260 423 | 47.1
LRENT 91.8 535 805 327 210 340 290 203 839 342 809 531 239 827 302 356 163 259 428 | 459
Source 700 237 678 154 18.1 402 419 253 788 11.7 314 629 298 60.1 215 268 77 28.1 120 | 354
CBST [69] 86.8 467 769 263 248 420 460 38.6 807 157 48.0 573 279 782 245 49.6 177 255 451 | 452
MRL2 ResNet-38 844 527 747 38.0 322 437 537 386 739 244 644 456 246 632 322 319 459 442 348 | 460
MRENT ) 84.6 495 739 358 251 462 533 433 752 242 638 482 338 657 289 326 392 500 347 | 464
MRKLD 845 477 741 279 221 438 465 378 837 227 561 568 268 817 225 462 275 323 479 | 468
LRENT 80.3 408 658 246 305 43.1 495 403 821 260 546 594 321 680 319 300 219 448 467 | 459
CBST-SP 856 55.1 769 268 234 389 47.1 469 834 255 687 456 157 797 277 503 382 334 446 | 481
MRKLD-SP ResNet-38 | 90.8 460 799 274 233 423 462 409 835 192 591 635 308 835 368 520 280 368 464 | 492
MRKLD-SP-MST 91.7 451 809 290 234 438 471 409 840 200 606 64.0 319 858 395 487 250 380 470 | 49.8
Table 4: Experimental results on GTAS — Cityscapes.
Method Backbone | Road SW Build Wall* Fence* Pole* TL TS Veg. Sky PR Rider Car Bus Motor Bike | mloU | mloU*
Source DRN-105 149 114 587 1.9 0.0 24.1 12 60 688 760 543 7.1 342 150 0.8 0.0 234 26.8
MCD [51] 848 43.6 79.0 39 0.2 291 72 55 838 831 510 117 799 272 6.2 0.0 37.3 435
Source DeepLabv2 55.6 238 746 — - — 6.1 121 748 790 553 191 396 233 13.7 250 - 38.6
AdaptSegNet [60] 843 427 715 — — — 47 70 779 825 543 210 723 322 189 323 — 46.7
AdvEnt [63] DeepLabv2 | 85.6 422 79.7 8.7 0.4 259 54 81 804 841 579 238 733 364 142 330 | 412 48.0
Source ResNet-38 326 215 465 4.8 0.1 265 148 13.1 708 603 56.6 35 741 204 8.9 13.1 | 292 33.6
CBST [69] 53.6 237 750 12.5 0.3 364 235 263 848 747 672 175 845 284 152 558 | 425 48.4
Source 643 213 731 24 1.1 314 7.0 277 631 676 422 199 731 153 105 389 | 349 40.3
CBST 68.0 299 763 10.8 1.4 339 228 295 776 783 60.6 283 816 235 188 39.8 | 426 489
MRL2 DeepLaby2 634 271 764 142 14 352 23.6 294 785 778 614 295 822 228 189 423 | 428 48.7
MRENT 69.6 326 758 12.2 1.8 353 233 295 777 789 60.0 285 815 259 196 418 | 434 49.6
MRKLD 67.7 322 739 10.7 1.6 374 222 312 808 805 608 29.1 828 250 194 453 | 438 50.1
LRENT 65.6 303 746 13.8 1.5 358 231 291 77.0 775 60.1 285 822 22,6 201 419 | 427 48.7

traffic 1gt traffic sgn

Figure 2: Adaptation results on GTAS — Cityscapes. Rows correspond to sample images in Cityscapes. From left to right,
columns correspond to original images, ground truth, and predication results of CBST, MRL2, MRENT, MRKLD, LRENT.

Figure 3: Pseudo-labels in GTAS — Cityscapes. Rows correspond to sample images in Cityscapes. From left to right,
columns correspond to original images, ground truth, and pseudo-labels of CBST, MRL2, MRENT, MRKLD, LRENT.

by having steeper gradient near p = 1. This accords with
our observation that MRKLD overall works the best. For
LRENT, we assume p = 0.9 and illustrate the regularized
loss curves versus y at different «v in Fig. 4. Again, y* be-
comes smoother when « increases.

Class ranking: Based on the closed-form solution of LR
in Table 1, we can prove that LR preserves the confidence
ranking order between classes. On the other hand, given
one-hot labels, MRs tend to discard such order informa-
tion by giving equal confidences to negative classes. Tak-
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W — A (Office-31)

MRL2 MRENT
po/Ap 20/5 15/5 25/5 20/2.5 20/7.5 20/5 15/5 25/5 20/2.5 20/7.5
Accuracy | 721402 713402 714410 71.6£04 713+05 | 71.0£04 71.0+0.6 70.84+0.5 71.0£0.6 71.0+0.7
MRKLD LRENT
po/Ap 20/5 15/5 25/5 20/2.5 20/7.5 20/5 15/5 25/5 20/2.5 20/7.5
Accuracy | 70.9404 70.8404 707402 709405 71.0+0.8 | 71.0£03 71.0+£0.8 71.240.6 71.1£0.5 71.0+04
Table 6: Sensitivity analysis of portion py and portion step Ap.
W — A (Office-31)
MRL2 MRENT MRKLD LRENT
a 0.01 0.025 0.05 0.075 0.1 0.125 0.075 0.1 0.125 0.1 0.25 0.5
Accuracy | 71.540.8 721402 71.741.1 | 71.0£08 71.0404 70.9+10 | 70.9+0.6 709404 70.6+0.7 | 712412 71.0+0.3 70.8+0.6
Table 7: Sensitivity analysis of regularizer weight a.
Road SW Build Wall Fence Pole TL TS Veg. Terrain Sky PR Rider Car Truck Bus Train Motor Bike | mean
Crr (%) | 962 860 946 838 849 845 804 780 939 870 945 904 814 954 834 859 595 785 806 | 855
CBST ep (%) | 722 741 698 717 767 737 729 765 719 712 685 672 69.1 661 769 655 767 612 730 | 716
Crp/Cpp | 133 116 136 117 111 115 110 102 131 123 138 135 118 144 115 131 078 117 110 | 1.19
Crp (%) | 947 828 924 817 778 844 770 764 934 865 944 888 797 939 870 849 719 776 792 | 845
MRKLD | Cpp (%) | 67.7 703 654 685 692 667 694 713 667 688 667 600 655 630 746 636 702 593 532 | 663
Crp/Crp | 140 118 141 119 112 127 111 107 140 126 142 148 122 149 1.17 134 102 131 149 | 127
Crp (%) | 950 844 940 807 753 848 718 783 939 863 945 892 793 053 893 805 764 864 788 | 853
LRENT | Cpp(%) | 69.5 721 680 678 713 697 715 754 695 699 701 641 676 673 777 703 634 586 552 | 684
Crp/Cpp | 138 117 138 119 106 122 109 104 135 123 135 139 117 142 115 115 12 147 143 | 125

Table 8: Comparison of Crp,

10 MRL2
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2 2 6 —a=1
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Figure 4: Loss curves regularized by different regularizers.

LRENT minimizer MRKLD minimizer

1 2 3 4 1 2 3 4
Figure 5: Minimizers of LRENT and MRKLD.

ing MRKLD as example: using Lagrangian multiplier, we
can prove the closed-form global minimizer for regularized
cross-entropy loss as p**) = (y(®) + /(1 + ), where
k =1,..., K is class index. With y being one-hot, the global
minimizer is uniformly smoothed on negative classes. Sim-
ilar property can be also proved for MRENT/MRL2.

Crp and C7p/Crp on GTAS — Cityscapes.

We illustrate two examples of LRENT and MRKLD in
Fig. 5, where we assume p = [0.2,0.1,0.55,0.15] for L-
RENT and ) = 1 for MRKLD. One can see, LREN-
T sharpens the input p when o € [0, 1] (one-hot when
a = 0), while smooths p when o > 1. In all cases, the
inter-class confidence orders are always preserved, while
the same property does not hold for MRKLD.

MR+LR: The combination of MR and LR can take advan-
tages of both regularizers and achieve better performance
compared to single regularizer, demonstrated in VisDA17
and Office-31. However, it will also introduce extra cost to
validate both hyperparameters for MR and LR.

Practical suggestions: Overall, we recommend CRST-
MRKLD most based on the above analysis and its better
performance. Moreover, combining MR and LR may also
benefit self-training at the cost of slight extra tuning.

8. Conclusions

In this paper, we introduce a confidence regularized self-
training framework formulated as regularized self-training
loss minimization. Model regularization and label regu-
larization are considered with a family of proposed confi-
dence regularizers. We investigate theoretical properties of
CRST, including its probabilistic explanation and connec-
tion to softmax with temperature. Comprehensive exper-
iments demonstrate the effectiveness of CRST with state-
of-the-art performance. We also systematically discuss the
pros and cons of the proposed regularizers and made prac-
tical suggestions. We believe this work can inspire future
research on novel designs of regularizations as desired in-
ductive biases to benefit many UDA/SSL problems.
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