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Abstract

Enhancing model prediction confidence on target data is
an important objective in Unsupervised Domain Adaptation
(UDA). In this paper, we explore adversarial training on
penultimate activations, i.e., input features of the final lin-
ear classification layer. We show that this strategy is more
efficient and better correlated with the objective of boost-
ing prediction confidence than adversarial training on input
images or intermediate features, as used in previous works.
Furthermore, with activation normalization commonly used
in domain adaptation to reduce domain gap, we derive two
variants and systematically analyze the effects of normal-
ization on our adversarial training. This is illustrated both
in theory and through empirical analysis on real adaptation
tasks. Extensive experiments are conducted on popular UDA
benchmarks under both standard setting and source-data free
setting. The results validate that our method achieves the
best scores against previous arts. Code is available at https:
//github.com/tsun/APA.

Introduction

Unsupervised Domain Adaptation (UDA) aims to transfer
knowledge from a label rich source domain to an unlabeled
target domain (Pan and Yang 2009; Wang and Deng 2018;
Wilson and Cook 2020). The two domains are relevant, yet
there is often a distribution shift between them. Due to the
domain gap, models from the source domain often predict
incorrectly or less confidently on the target domain. Thus,
how to enhance model prediction confidence on target data
becomes critical in UDA.

The mainstream paradigm for UDA is feature adapta-
tion (Sun and Saenko 2016; Tzeng et al. 2014; Ganin and
Lempitsky 2015; Tzeng et al. 2017), which learns domain-
invariant features. Despite its popularity, this paradigm has
some intrinsic limitations in the situation with label distribu-
tion shift (Li et al. 2020a; Prabhu et al. 2021). Recently, self-
training (Zhu 2005) has drawn increasing attention in UDA,
which applies consistency regularization or pseudo-labeling
loss on the unlabeled target data. Self-training effectively en-
hances prediction confidence on target data, showing supe-
rior results (Liang, Hu, and Feng 2020; Prabhu et al. 2021;
Liu, Wang, and Long 2021; Sun, Lu, and Ling 2022).
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Adversarial Training (Goodfellow, Shlens, and Szegedy
2015; Jeddi et al. 2020; Shu et al. 2021) aims to improve
model’s robustness by injecting adversarial examples. Orig-
inally, adversarial training is proposed for supervised learn-
ing and requires the ground-truth class labels. Miyato et al.
(2018) generalize it to semi-supervised learning and propose
Virtual Adversarial Training (VAT). VAT can be viewed as
a consistency regularization, whose main idea is to force
the model to make similar predictions on clean and per-
turbed images. VAT is later introduced into domain adap-
tation to improve local smoothness (Shu et al. 2018). De-
spite its popularity (Cicek and Soatto 2019; Kumar et al.
2018; Lee et al. 2019b), VAT is commonly used as an auxil-
iary loss. In contrast, training with VAT alone often leads to
poor performance on domain adaptation benchmarks (Liu,
Wang, and Long 2021; Lee et al. 2019b; Zhang et al. 2021).
Another drawback is that VAT requires an additional back-
propagation through the entire network to obtain gradients,
which increases the computation cost.

The above observations motivate us to seek more effec-
tive ways of adversarial training for UDA problems. A com-
mon practice in UDA is to split the training process into a
source-training stage and a target adaptation stage. Due to
the relevance between the two domains, we find that weights
of the linear classification layer change quite slowly in the
second stage. In fact, some source-data free works (Liang,
Hu, and Feng 2020) freeze the classifier during adaptation
and focus on improving feature extractor. Since our goal is
to enhance prediction confidence on unlabeled target sam-
ples, adversarial training on penultimate activations, i.e., the
input features of the final linear classification layer, is more
correlated with this goal than adversarial training on input
images or intermediate features. Our analysis shows that ad-
versarial perturbations on other layer representations can be
mapped into perturbations on penultimate activations. The
mapping maintains the value of adversarial loss but leads to
much higher accuracies. This indicates that it is more effec-
tive to manipulate the penultimate activations. Moreover, ap-
proximating the optimal adversarial perturbation for penul-
timate activations is also much easier as it only involves the
linear classifier in the optimization problem.

We propose a framework of domain adaptation with ad-
versarial training on penultimate activations. The method is
applicable to both standard and source-data free setting. As



activation normalization with /5 norm is commonly used in
UDA to reduce domain gap (Xu et al. 2019; Prabhu et al.
2021), we derive two variants and systematically analyze
the effects of normalization on our adversarial training. The
shrinking effect on adversarial loss gradients is discussed.
We also analyze the correlations among adversarial pertur-
bations, activation gradients and actual activation changes
after model update on real adaptation tasks.

To summarize, our contributions include: 1) we propose
a novel UDA framework of adversarial training on penulti-
mate activations; 2) we systematically analyze its relations
and advantages over previous adversarial training on input
images or intermediate features; and 3) we conduct exten-
sive experiments to validate the superior performance of our
method under both standard and source-data free settings.

Related Work

Unsupervised Domain Adaptation. Many UDA methods
have been proposed recently (Pan and Yang 2009; Wang
and Deng 2018; Wilson and Cook 2020). A mainstream
paradigm is feature adaptation that learns domain invariant
feature representations. Some approaches minimize domain
discrepancy statistics (Long et al. 2017; Sun and Saenko
2016), and others utilize the idea of adversarial learning
by updating feature extractor to fool a domain discrimina-
tor (Tzeng et al. 2014; Ganin and Lempitsky 2015; Tzeng
et al. 2017). Despite the popularity of this paradigm, recent
works (Li et al. 2020a; Prabhu et al. 2021) show its intrinsic
limitations when the label distribution changes across do-
mains. On the other hand, self-training has become a promis-
ing paradigm, which adopts the ideas from semi-supervised
learning to exploit unlabeled data. One line of pseudo-
labeling uses pseudo-labels generated by the model as su-
pervision to update itself (Liang, Hu, and Feng 2020; Liu,
Wang, and Long 2021; Sun, Lu, and Ling 2022). Another
line of consistency regularization improves local smooth-
ness using pairs of semantically identical predictions (Sun
et al. 2022). Self-training does not force to align source and
target domains. Hence it alleviates negative transfer under a
large domain shift.

Adversarial training. Adversarial training aims to produce
robust models by injecting adversarial examples (Good-
fellow, Shlens, and Szegedy 2015; Jeddi et al. 2020; Shu
et al. 2021). Many adversarial attack methods have been
designed to generate adversarial examples. Among them,
gradient-based attack is a major category that obtains ad-
versarial perturbations from adversarial loss gradients on
clean data (Goodfellow, Shlens, and Szegedy 2015; Madry
et al. 2017). Traditionally, the labeling information is re-
quired to generate perturbation directions. Miyato et al.
(2018) propose Virtual Adversarial Training (VAT) for semi-
supervised learning. Adversarial training can be applied on
input images (Goodfellow, Shlens, and Szegedy 2015; Miy-
ato et al. 2018) or intermediate features (Jeddi et al. 2020;
Shu et al. 2021). Recently, Chen et al. (2022) show that ad-
versarial augmentation on intermediate features yields good
performance across diverse visual recognition tasks.
Adversarial training in DA. Shu et al. (2018) first use VAT
to incorporate the locally-Lipschitz constraint in conditional

9936

entropy minimization. VAT is also used as a smooth regu-
larizer in (Cicek and Soatto 2019; Kumar et al. 2018; Lee
et al. 2019b; Li et al. 2020b). Jiang et al. (2020a) devise a
bidirectional adversarial training network for SSDA, and pe-
nalize VAT with entropy. Liu et al. (2019) generate transfer-
able examples to fill in the domain gap in the feature space.
Lee et al. (2019b) propose to learn discriminative features
through element-wise and channel-wise adversarial dropout.
Kim and Kim (2020) perturb target samples to reduce the
intra-domain discrepancy in SSDA.

Approach
Notations and Preliminaries

In UDA, there is a source domain P,(X,)) and a target
domain P;(X,)), where X’ and ) are the input image space
and the label space respectively. We have access to labeled
source domain samples D, = {(x7,y7)};<, and unlabeled
target domain samples D; = {(x!)}1*,. The goal is to learn
a classifier h = go f, where f : X — Z denotes the feature
extractor, g : Z — ) denotes the class predictor, and Z is
the latent feature space. In particular, we assume that g is a
linear classifier with trainable weights 1 and biases B, i.e.,
g(z) = Wz + B. z = f(x) is then called the penultimate
activation (Seo, Lee, and Kwak 2021).

VAT (Miyato et al. 2018) smooths the model in semi-
supervised learning by applying adversarial training on un-
labeled data. Its objective is

((x) = D[p(ylz), p(ylz + )]

with () & argmax {,.(r) = D[p(y|ac),p(y|m + 'r)] (1
Irll2<e
where D[, ] is Kullback-Leibler divergence. Let overlines

indicate {5 normalization, e.g., Z = z/||z]||2 for a vector z.
In (Miyato et al. 2018), 7(*) is approximated by

) = eV, b, (r) r=ca )

in which e is the perturbation magnitude, £ is a small con-
stant and d is a random unit vector. The perturbation is
“virtually” adversarial because it does not come from the
ground-truth labels.

Adversarial Training on Penultimate Activations

Instead of adversarial training on input images or intermedi-
ate features, we propose Adversarial training on Penultimate
Activations (APA) for unsupervised domain adaptation. We
first describe motivations and details of our method, along
with two variants with activation normalization in this sec-
tion. Then we will discuss its relation and advantages over
adversarial training on other layer representations, and make
an in-depth analysis in the next section.

Two-stage training pipeline. In consistent with previous
works (Prabhu et al. 2021; Liang, Hu, and Feng 2020), we
split the training process into a source-training stage and
a target adaptation stage, shown in Fig. 1. During the first
stage, models are trained on source data only with standard
cross entropy loss. In the second stage, the obtained source
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Figure 1: Framework of the proposed Adversarial Training
on Penultimate Activations. APA" and APA"™ apply adver-
sarial perturbations on the un-normalized and normalized
activations, respectively.
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models are adapted to the target domain using target data
(and source data when available). The adversarial training is
applied in the second stage to enhance prediction confidence
on unlabeled target samples.

Motivations. Since the classifier is initialized with source
data and the two domains are relevant, we first want to know
how fast the classifier weights change during the second
stage. In Fig. 2, we plot the averaged cosine similarity be-
tween initial classifier weights 17 (%) and the weights W dur-
ing training on 12 tasks of Office-Home. It shows that the
weights change quite slowly. Therefore, it is reasonable to
assume that the decision boundaries of g change negligibly
within a short period of training epochs. Some work (Liang,
Hu, and Feng 2020) freeze the classifier during adaptation.
We do not choose that, but find freezing the classifier does
not make much difference to the performance (c.~ Tab. 7).

To improve prediction confidence on unlabeled target
data, a natural way is to move their penultimate activations
away from the decision boundaries. This can be realized
through adversarial training. Alternatively, we can apply ad-
versarial training on input images or intermediate features to
update the penultimate activations in an indirect manner. But
this would be less effective. We will discuss this in detail in
the approach analysis section.

Method formulation. We adopt adversarial training on
penultimate activations to improve prediction confidence of
target data during the adaptation stage. The objective is

(@) = D[go(f(@)), 9o (f () + )]

with 7 £ arg max () (7)
lIrlla<e

3
= argmax D [gg(f(ﬁﬂ)), 9o (f(x) + "')]

lIrll2<e

where g,(-) = o(g(-)) applies the softmax operator o
after the g. This argmax optimization problem only in-
volves g as f(x) is fixed and g is a linear function, thus can
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Figure 2: Averaged cosine similarity between initial clas-
sifier weights W (%) and current weights W on 12 tasks of
Office-Home under (left) standard and (right) source-data
free settings.

be solved efficiently. In contrast, approximating r(*) needs
to back-propagate through the entire highly nonlinear deep
neural network, which is often computationally expensive.
() can be approximated by

r® = ¢ VP (1) |p—ca 4)
The objective of APA is
i — (p)
I?,lgn L= E(mﬁys)%zpsgce (mSa ys) + BEmthﬁb’Pte (wt) (5)

where /.. is cross entropy loss and (3 is a hyper-parameter.
Following previous works (Jiang et al. 2020b; Prabhu et al.
2021) that tackle label shift, we use (pseudo) class-balanced
sampling during training.

The method can be easily extended to source-data free set-
ting. Since source samples are unavailable during the adap-
tation stage, we use pseudo labels of confident target sam-
ples as an additional supervision term. The objective is

I?l’ign Lo = E(m )P, L7 lee (e, §t) + Bf(p)(wt) (6)
where §; is the pseudo label of x;. I is 1if maz(ps) > 7

and 0 otherwise. 7 is a confidence threshold

Variants with activation normalization. Using ¢» nor-
malization on penultimate activations is a common tech-
nique to reduce domain gap (Xu et al. 2019; Prabhu et al.
2021). It follows two variants of our method, APA* and
APA™, that apply adversarial training on the un-normalized
and normalized activations, respectively. Figure 1 illustrates
the framework.
The adversarial loss for APA™ is

(0 () = D]g, (@), g (FC@) T 77)
with rP) 2 argmax D [ga(f(x))7 9o (f(x) + 7")] ™

lIrll2<e

and the adversarial loss for APA" is

(#n) () = D[g,(f(@)), go (f(z) + rP)]

with 7®) 2 arg max D[g,(F(@)), 9, (F (@) + 7)]
[[rll2<e

®)

where the optimal perturbation (=) and (=) can be ap-
proximated in a similar way as Eq. 4. f(x) is also fixed in
the argmax optimization problems.



Method A-C A-P A-R C-A C-P C-R P-A P-C P-R R—-A R-C R-=P Avg
ResNet-50 349 50.0 580 374 419 462 385 312 604 539 412 599 46.1
DANN 45.6 593 70.1 470 585 609 46.1 437 685 632 518 768 57.6
CDAN 50.7 706 760 576 700 70.0 574 509 773 709 567 816 65.8
SAFN 52.0 717 763 642 699 719 637 514 771 709  57.1 81.5 673
MDD 54.9 737 778 60.0 714 71.8 612 53,6 781 725 602 823 68.1
UDA SENTRY 61.8 774  80.1 663 716 747 668 63.0 809 740 663 841 722
CST 59.0 796 834 684 771 767 689 564 830 753 622 851 73.0
VAT 49.1 750 786 584 714 724 570 464 782 694 540 828 66.1
APA™ 61.2 80.0 824 698 783 774 705 579 819 759 63.6 86.1 73.8
APA™ 62.0 8§12 826 715 806 793 719 60.1 834 769 o642 86.1 750
APA“+FM 63.1 80.6 826 71.8 797 794 714 615 827 759 655 863 750
APA"+FM 64.0 816 837 709 803 80.3 728 622 830 768 655 868 75.7
SHOT 57.1 78.1 81.5 68.0 782 78.1 674 549 822 733 58.8 843 718
A2Net 58.4 790 824 675 793 789 680 562 829 741 605 850 728
NRC 57.7 80.3 820 68.1 798 786 653 564 83.0 710 586 856 722
sFpA DIPE 56.5 792 80.7 70.1 798 788 679 551 835 741 593 848 725
APA™ 59.8 766 804 71.0 728 742 702 567 80.7 765 61.0 829 719
APA™ 59.3 753 810 683 763 766 728 575 818 76.1 579 841 722
APA“+FM 61.6 775 822 695 778 783 703 580 810 756 60.7 825 729
APA"+FM 61.2 780 8.9 702 782 77.0 716 582 823 76.6 587 827 731
Table 1: Accuracies (%) on Office-Home (ResNet-50).
Ago DN-£® OH RS-UT-£0 OH-£® input images or intermediate features is usually large (e.g.,
280 FSDN-07) W OHRS-UT-(C O£ inputs of 224 x 224 x 3 for a typical computer vision task),
70 making it unfavorable to obtain satisfactory approximations
€60 of optimal perturbations from the optimization view.
< .
We show that the perturbation on other layer representa-
M¥TT9s5 s 10 1 25 5 10 1 25 5 10 tions can be mapped into perturbation on the penultimate ac-
90 ‘ tivations. The mapping maintains the adversarial loss value
S 80 but leads to higher accuracies.
> Let f = f° o f be a decomposition of the feature ex-
g0 tractor, in which both can be an identity mapping. We use
geo underlines to highlight modules or variables that do not re-
sl MM W W W . N &N quire gradient. When applying adversarial perturbation 7 (%)

layer

Figure 3: (Upper) Mapping input image perturbations of dif-
ferent magnitudes to penultimate activations. (Lower) Map-
ping intermediate perturbations at different layers to penul-
timate activations.

We apply an additional perturbation projection step to en-
sure that f(x) + r(P») lies on the unit ball via

fr-(pn) “— W — m (9)

Approach Analysis

Advantages over Adversarial Training on Input
Images or Intermediate Features

Previous works apply adversarial training on input images
or intermediate features in domain adaptation. Their perfor-
mances when using adversarial training alone are unsatis-
factory (Liu, Wang, and Long 2021; Lee et al. 2019b; Zhang
et al. 2021). When the adversarial perturbation is applied far
from the classifier, its impact on model prediction relies on
many non-linear transformations in the remaining layers of
the deep feature extractor. What is worse, the dimension of
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on the output of ¢, we have
(@) = D[go(f(2)), go(f*(f* () +rD))]

The perturbation (") can be mapped onto penultimate acti-
vation as r(*=P) £ fo(fo(g) 4 () — f(x), and the adver-
sarial loss becomes

(=) (@) = D[go(f(@)), go(f(z) +r0=)] (1)

Comparing Eq. 10 and Eq. 11, their loss values are iden-
tical. However, the backpropagation is different. Figure 3
shows that training with Eq. 11 boosts the accuracies by a
large margin than Eq. 10. The explanation is that when us-
ing ¢(—P) it directly refines the penultimate activation f (x)
of . In contrast, when using £(*), it updates the activation of
the perturbed sample. Given that many UDA tasks work in a
transductive manner where the goal is to make correct pre-
diction for x, adversarial training on representations other
than penultimate activations is less correlated with this goal.

(10)

Interpretation of APA

APA applies adversarial training on penultimate activations
to improve prediction confidence. Intuitively, f(x) is ex-
pected to be moved away from the boundaries. Figure 4 il-
lustrates this idea. r(P) is the adversarial perturbation, V)



Method plane  bcycl  bus car  horse knife mcycl person plant sktbrd train  truck = Avg.
ResNet-101 55.1 53.3 61.9 59.1 80.6 179 79.7 31.2 81.0 26.5 73.5 8.5 52.4
DANN 81.9 77.7 82.8 443 81.2 29.5 65.1 28.6 51.9 54.6 82.8 7.8 57.4
CDAN 85.2 66.9 83.0 50.8 84.2 74.9 88.1 74.5 83.4 76.0 81.9 38.0 739
SAFN 93.6 61.3 84.1 70.6 94.1 79.0 91.8 79.6 89.9 55.6 89.0 24.4 76.1
UDA SWD 90.8 82.5 81.7 70.5 91.7 69.5 86.3 77.5 87.4 63.6 85.6 29.2 76.4
VAT 93.5 67.0 68.7 72.1 92.4 63.7 88.2 60.4 90.2 68.9 84.9 124 719
APAY 97.1 90.8 84.5 72.8 97.4 96.4 83.9 83.7 95.8 87.3 89.8 42.6 85.2
APA™ 96.9 883 831 659 958 953 857 788 945 90.1 835 464 84.1
APA“+FM 97.2 924 8.1 775 976 973 852 852 950 919 903 393 865
APA"+FM 97.0 90.0 86.4 76.3 97.2 97.3 89.4 82.6 94.5 94.6 90.8 52.2 87.4
SHOT 94.3 885 80.1 573 931 949 80.7 803 915 8.1 863 582 829
AZNet 94.0 878 856 668 937 951 858 812 91.6 832 8.5 560 843
HCL 93.3 854 80.7 685 910 8.1 860 786 866 888 8.0 747 835
SFDA  DIPE 95.2 87.6 788 559 939 950 84.1 817 92.1 839 854 58.0 83.1
APA" 96.2 899 832 657 958 953 819 782 91.0 91.5 835 441 834
APA™ 95.2 88.0 773 645 932 962 792 779 90.7 894 831 458 82.1
APA“+FM 96.4 91.0 844 681 967 976 835 831 936 922 901 519 857
APA"+FM 96.5 90.6 834 643 958 971 823 836 933 935 896 552 854
Table 2: Accuracies (%) on VisDA (ResNet-101).
_ 1.0 PTCViOHi*SUT) = P"A(QO,H)M (0, o) @:Z APAN-U APAY APAU="  mmm APA"
o § o —wee £
/ S 0.0 (5(1'.)’ ,-(ll..)) g 70
S5 e (600, rto0) 5
2-05 : 860 I
(8Pn), () < J J
/\ Before model update -1.0
A After model update Osé_\p%x ?1’0040)5 Osép%x ?1’0040)5 50 A-C A-P A-R C—A C-P C-R P-5A P-C P->R R-»A R>C R-P
. . ) . . Figure 5: Comparing APA variants on Office-Home.
Figure 4: (Left) Illustration of adversarial perturbation, acti-
vation gradient, and actual activation change. (Right) Aver- 30 80
aged cosine similarity of these variables during the training Sl 31 I
process of two UDA tasks. (See text for details) 3
© 601 —o— APAY 601 —— APA"
§ 50 APAU=D 50 APAN=U
< APAY (*) APA" ™Y (¥)
is the gradient of adversarial loss with respect to the penulti- 4050720 30 20 50 60 %05 10 20 30 40 50

mate activation, and & (P) is the direction where the activation
actually moves after network parameters are updated.

In the right of Fig. 4, we show the correlation among these
variables during the real training processes of two UDA
tasks. In the figure, VPu) = 9¢®P)(2) /0 f (x), V(Pr) =

U (x) /0 f (x), 6@-) = f*(x) — f(x), where f*(x)
are the new activations after one-step gradient descend with
learning rate 0.001 based on the corresponding adversarial
losses. As can be seen, there is a strong positive correla-
tion between adversarial perturbation and active gradient.
In particular, V() is highly close to ) in direction.
8(P+) are negatively correlated with (=), Recall that 7 ()
is the optimal adversarial direction by construction, hence
we can claim that the adversarial training indeed pushes
target samples away from decision boundaries. Comparing
the three variables, §(~) has the strongest correlation with
r®) followed by §(P+) and §*). This validates that APA
is more effective in improving model prediction confidence
than image-based training.

Shrinking Effect of Normalization

APA" and APA"™ have different properties due to differ-
ent placing of normalization. With a similar mapping trick,
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£ £

Figure 6: Effects of perturbation magnitude ¢ on Office-
Home. (*) Compensated with activation norm ratio.

we can create adversarial losses with identical loss values

but different gradients. Let 7(Pr—w) £ 5(®n) .|| f(g)|| and

rPusn) & f(g) 4 r(Pu) — f(x), it is easy to prove that
0P| puisn) equals £P) and €P)| (. .y equals £(Pr) in
terms of objective value.

Let ¢(v) = v/||v||2 be the ¢5 normalization function, x

omitted, ¢, £ ¢(f 4+ r®)), and ¢, £ ¢(f) + @), then
with some derivations

o) \ o) \
(d['af ) - (dgcu ) J(f+r)) (12)
EYACEY) T o¢(Pn) T
( af ) :< Cn ) Je(f) (13)
The Jacobian matrix of ((v) is Je(v) = ([ —

vv' /(v'v))/||v|. Using the mapping trick, we can have

(n = Cu and 8€(1’")/8Cn = 86(1’“)/8@. Suppose the sec-
ond term of J¢ is negligible, the gradient of f is shrunk

by ||f + @) in APA¥, while intact in APA™. Figure 5




Method R—P R-C P-R P-C C-R C-P Avg.
ResNet-50 69.8 38.3 67.3 35.8 533 523 52.8
DANN 71.6 46.5 68.4 38.8 58.8 58.0 56.9
COAL 73.6 42.6 73.3 40.6 59.2 57.3 58.4
InstaPBM 75.6 42.9 70.3 39.3 61.8 63.4 589
UDA MDD+IA 76.1 50.0 74.2 45.4 61.1 63.1 61.7
SENTRY 76.1 56.8 73.6 54.7 65.9 64.3 65.3
CST 79.6 55.6 77.4 47.1 61.6 62.0 63.9
VAT 78.0 45.4 73.0 43.2 60.6 62.1 60.4
APAY 80.2 60.3 76.1 53.8 65.7 67.0 67.2
APA" 80.3 57.7 76.7 54.9 64.1 67.5 66.9
SHOT 77.0 50.3 75.9 47.0 64.3 64.6 63.2
SFDA  APA" 77.8 55.8 76.3 49.7 65.0 64.7 64.9
APA™ 77.3 55.8 76.2 50.8 64.5 64.2 64.8

Table 3: Per-class average accuracies (%) on Office-Home (RS-UT) (ResNet-50).

Method R-C R-»P R-S C-R C-»P C-S P-R P-C P-S S-R S-C S-P Avg
ResNet-50 58.8 679 531 767 535 531 844 555 602 746 546 578 625
DANN 63.4 736 726 8.5 657 706 8.9 732 701 8.7 752 700 745
COAL 73.8 754 705 8.6 699 713 898 680 705 8.0 732 705 759
InstaPBM 80.1 759 708 8.7 702 728 896 744 722 870 797 717 778
UDA SENTRY 83.9 76.7 744 906 760 795 903 829 756 904 824 740 814
CST 83.9 78.1 775 909 764 797 908 825 765 90.0 828 744 820
VAT 73.6 748 652 8.1 661 645 82 714 707 873 774 699 748
APA® 85.0 797 790 912 779 793 913 824 785 90.7 843 777 831
APA™ 85.3 804 802 918 772 799 917 837 804 912 854 793 839
SHOT 79.4 754 728 884 740 755 898 777 762 883 805 70.8 79.1
SFDA  APA" 84.5 790 773 902 785 789 919 849 774 916 847 787 831
APA™ 854 788 780 90.1 781 784 913 848 765 928 836 764 828

Table 4: Per-class average accuracies (%) on Domainnet (ResNet-50).

compares different APA variants on Office-Home, where
APA"™ % means using perturbation r(Pr~+) in APA“. The
same is with APA"7". As can be seen, perturbing normal-
ized activations performs slightly better. Figure 6 shows as ¢
increases (consequently || f +7(w)|| increases), the accuracy
of perturbing un-normalized activations drops due to shrunk
gradients. This can be compensated by magnifying adver-
sarial loss with activation norm ratio of || f + =®=)| /| f|.

Experiments
Setup

Datasets. Office-Home (OH) has 65 classes from four do-
mains: Artistic (A), Clip Art (C), Product (P), and Real-
world (R). We use both the original version and the RS-UT
(Reverse-unbalanced Source and Unbalanced Target) ver-
sion (Tan, Peng, and Saenko 2020) that is manually created
to have a large label shift. VisDA-2017 (Peng et al. 2017) is
a synthetic-to-real dataset of 12 objects. DomainNet (Peng
et al. 2019) (DN) is a large UDA benchmark. We use the
40-class version (Tan, Peng, and Saenko 2020) from four
domains: Clipart (C), Painting (P), Real (R), Sketch (S).

Baseline methods. We compare our proposed APA with
several lines of methods. Methods for vanilla UDA in-
clude DANN (Ganin and Lempitsky 2015), CDAN (Long
et al. 2018), MDD (Zhang et al. 2019), SWD (Lee et al.
2019a), SAFN (Xu et al. 2019), CST (Liu, Wang, and Long
2021). Methods that handle label shift include COAL (Tan,
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Peng, and Saenko 2020), InstaPBM (Li et al. 2020a),
MDD+IA (Jiang et al. 2020b), SENTRY (Prabhu et al.
2021). SHOT (Liang, Hu, and Feng 2020), A%ZNet (Xia,
Zhao, and Ding 2021), NRC (Yang et al. 2021), DIPE (Wang
et al. 2022), HCL (Huang et al. 2021) are methods for
source-data free setting. We also compare with self-training
based methods using Entropy Minimization, Mutual Infor-
mation Maximization (MI) (Gomes, Krause, and Perona
2010; Shi and Sha 2012), VAT (Miyato et al. 2018), and Fix-
Match (FM) (Sohn et al. 2020) loss. The results summarized
in Tab. 1-4 are taken from the corresponding papers when-
ever available.

Implementation details. We implement our methods with
PyTorch. The pre-trained ResNet-50 or ResNet-101 (He
et al. 2016) models are used as the backbone network of f.
Then f contains a bottleneck layer with Batch Normaliza-
tion. The classification head g is a single Fully-Connected
layer. For all tasks, we use batch size 16, 5 = 0.1, 7 = 0.75,
€ = 30 for APA", e = 1.0 for APA™, with an only exception
on VisDA where we use 8 = 0.04 for APA™ instead. More
details can be found in the supp. material.

Results

Results on standard benchmarks. Tables 1,2 present eval-
uation results on three standard benchmarks. Our method
achieves consistently the best scores against previous arts
under vanilla setting. The performance is further boosted



Projection R-C R-P R-S C-R C-=P C-S P-R P-C P-S S—R S=C S—P Avg.
v 85.3 80.4 80.2 91.8 77.2 79.9 91.7 83.7 80.4 91.2 854 79.3 83.9
X 84.1 79.5 79.8 91.3 76.0 79.9 90.7 82.0 79.5 90.8 83.6 78.7 83.0

Table 5: Effects of using perturbation projection in APA™ on DomainNet.

when combined with FixMatch (Sohn et al. 2020). For
source-data free setting, A2Net (Xia, Zhao, and Ding 2021)
is a strong comparison method employing adversarial in-
ference, contrastive matching, and self-supervised rotation.
APA"+FM improves +1.4% over it on VisDA.

Results on label-shifted benchmarks. Tables 3,4 present
evaluation results on two benchmarks with a large label dis-
tribution shift. Our methods improve over others tailored for
this setting by a large margin. Note that we adopt the same
hyper-parameters for all tasks, and the performance could
likely be further improved by better tuning their values.

Analysis

Effects of activation normalization. As shown in Fig. 7,
using activation normalization consistently improves on all
tasks. The performance gain is most significant when the
domain gap is large (e.g., tasks with low accuracy). This
validates that activation normalization can bring source and
target distribution closer, thus reduce the impact of accumu-
lated error in self-training.
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Figure 7: Comparison between using activation normaliza-
tion (solid markers) and not (hollow markers).

alternative way is to add another normalization operation
without using perturbation projection by optimizing

(#)(@) = D[g, (F(@)), g0 (F@) + 7)) (14)

However, this will encounter similar shrinking effect of nor-
malization as discussed. Table 5 shows that using perturba-
tion projection consistently performs better than this strategy
on all DomainNet tasks.

Effects of freezing classifier g. In previous experiments,
we allow parameters of the classifier g to update during the
adaptation stage. Whereas g and the corresponding decision
boundaries in the feature space usually change negligibly.
Some previous work (Liang, Hu, and Feng 2020) freeze g
during adaptation stage. Table 7 shows that the two strate-
gies perform comparably well in our method.

freeze DN OH RS-UT OH
v 83.32 66.34 73.80
X 83.08 67.19 73.76

Table 7: Effects of freezing parameters of g during the adap-
tation stage in APA".

Sensitivity of hyper-parameters. APA mainly involves two
hyper-parameters, the perturbation magnitude e and the ad-
versarial loss weight 3. Note that the average norm of
penultimate activations is about 30. In Fig. 6, We explicitly
present results with large perturbations to show its robust-
ness. Figure 8 plots the effects of 5. Our method is insensi-
tive to the € and 8 within a wide range.

Comparison with other self-training losses. To fairly com-
pare with other self-training methods, we implement them
under the same framework and hyper-parameters as APA.
The only difference is the loss used for target samples. Re-
sults are listed in Tab. 6. Among them, FixMatch and SEN-
TRY require additional random augmented target samples.
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Our method achieves the best scores on all datasets.

loss DN OH RS-UT OH

ENT 79.00 62.76 70.68
MI 78.38 64.55 69.81
FixMatch 76.35 62.12 69.46
SENTRY 80.31 66.64 73.04
VAT 74.76 60.37 66.05
APAY 83.08 67.19 73.76
APA™ 83.88 66.87 74.98

Table 6: Comparison with other self-training losses.

Why projecting r(P») back to unit sphere? In Eq. 9, we
post-process 7(P») to ensure f(z) + r) of unit norm. An
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Figure 8: Effects of S in APA™ (solid lines) and APA™
(dashed lines).

Conclusion

This paper explores adversarial training on penultimate acti-
vations in UDA. We show its advantage through comparison
with adversarial training on input images and intermediate
features. Two variants are derived with activation normal-
ization. Extensive experiments on popular benchmarks are
conducted to show the superiority of our method over pre-
vious arts under both standard and source-data free setting.
Our work demonstrates that adversarial training is a strong
strategy in UDA tasks.
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