This ICCV paper is the Open Access version, provided by the Computer Vision Foundation.

Except for this watermark, it is identical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.

Tune it the Right Way: Unsupervised Validation of Domain Adaptation
via Soft Neighborhood Density

Kuniaki Saito!, Donghyun Kim!, Piotr Teterwak!, Stan Sclaroff!, Trevor Darrell?, and Kate Saenko!
'Boston University, 2University of California, Berkeley, >MIT-IBM Watson Al Lab

[keisaito,donhk,piotrt, sclaroff, saenko]@bu.edu,

Abstract

Unsupervised domain adaptation (UDA) methods can
dramatically improve generalization on unlabeled target
domains. However, optimal hyper-parameter selection is
critical to achieving high accuracy and avoiding negative
transfer. Supervised hyper-parameter validation is not pos-
sible without labeled target data, which raises the ques-
tion: How can we validate unsupervised adaptation tech-
niques in a realistic way? We first empirically analyze ex-
isting criteria and demonstrate that they are not very ef-
fective for tuning hyper-parameters. Intuitively, a well-
trained source classifier should embed target samples of
the same class nearby, forming dense neighborhoods in
feature space. Based on this assumption, we propose
a novel unsupervised validation criterion that measures
the density of soft neighborhoods by computing the en-
tropy of the similarity distribution between points. Our
criterion is simpler than competing validation methods,
yet more effective; it can tune hyper-parameters and the
number of training iterations in both image classification
and semantic segmentation models. The code used for
the paper will be available at https://github.com/
VisionLearningGroup/SND.

1. Introduction

Deep neural networks can learn highly discriminative
representations for visual recognition tasks [11, 39, 19, 29,

], but do not generalize well to out-of-domain data [47].
To improve performance on a new target domain, Unsuper-
vised Domain Adaptation (UDA) aims to transfer represen-
tations from a label-rich source domain without additional
supervision. Recent UDA methods primarily achieve this
through unsupervised learning on the target domain, e.g., by
minimizing the feature distribution shift between source and
target domains [12, 21, 41], classifier confusion [17], clus-
tering [34], and pseudo-label based methods [56]. Promis-
ing adaptation results have been demonstrated on image
classification [22, 55, 8, 52, 43], semantic segmentation [ 16]
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Figure 1: In unsupervised domain adaptation, validation is a
significant and unsolved issue. Performance can be sensitive to
hyper-parameters, yet no reliable validation criteria have been pre-
sented. In this work, we provide a new criterion, SND, to select
proper hyper-parameters for model validation in UDA. The exam-
ple shows validation of the ADVENT [50] segmentation model.

and object detection [9] tasks.

However, adaptation methods can be highly sensitive to
hyper-parameters and the number of training iterations. For
example, the adversarial alignment approach is popular in
semantic segmentation [ 16, 44, 50], but can fail badly with-
out careful tuning of the loss trade-off weight as shown
in Fig. 1. In addition, many methods have other kinds of
hyper-parameters, e.g., defining the concentration of clus-
ters [34], the confidence threshold on target samples [56],
etc. Therefore validation of hyper-parameters is an impor-
tant problem in UDA, yet it has been largely overlooked. In
UDA, we assume not to have access to labeled target data,
thus, hyper-parameter optimization (HPO) should be done
without using target labels. In this paper, we would like to
pose a question crucial to making domain adaptation more
practical: How can we reliably validate adaptation methods
in an unsupervised way?

Unsupervised validation is very challenging in practice,
thus many methods do HPO in an ineffective, or even un-
fair, way. Evaluating accuracy (risk) in the source domain
is popular [12, 41, 5,40, 22, 5,17, 51, 53], but this will not
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necessarily reflect success in the target domain. Using the

risk of the target domain [37, 2, 3, 13, 35, 38, 32] contra-

dicts the assumption of UDA. Many works [45, 42, 44, 25,
, 54,49, 50] do not clearly describe their HPO method.

To the best of our knowledge, no comprehensive study
has compared validation methods across tasks and adapta-
tion approaches in a realistic evaluation protocol. Our first
contribution is to empirically analyze these existing criteria
and demonstrate that they are not very effective for HPO.
This exposes a major barrier to the practical application of
state-of-the-art unsupervised domain adaptation methods.

To tackle this problem, we first revisit an unsupervised
validation criterion based on classifier entropy, C-Ent. If
the classification model produces confident and low-entropy
outputs on target samples, then the target features are dis-
criminative and the prediction is likely reliable. Morerio
et al. [24] propose to utilize C-Ent to do HPO but only
evaluated it on their own adaptation method. We evalu-
ate C-Ent extensively, across various adaptation methods,
datasets, and vision tasks. We reveal that C-Ent is very ef-
fective for HPO for several adaptation methods, but also
expose a critical issue in this approach, which is that it can-
not detect the collapse of neighborhood structure in target
samples (See Fig. 2). By neighborhood structure, we mean
the relationship between samples in a feature space. Be-
fore any adaptation, target samples embedded nearby are
highly likely in the same class (No adaptation in Fig. 2). A
good UDA model will keep or even enhance the relation-
ships of target samples while aligning them to the source.
However, a UDA model can falsely align target samples
with the source and incorrectly change the neighborhood
structure ((DANN in Fig. 2). Even in this case, C-Ent can
become small and choose a poorly-adapted model.

Natekar et al. [26] measure the consistency of feature
embeddings within a class and their discrepancy from other
classes to predict the generalization of supervised models
by using labeled samples. Accounting for such relation-
ships between points is a promising way to overcome the is-
sues of C-Ent. But, since computing these metrics requires
labeled samples, we cannot directly apply this method.

This leads us to propose a novel unsupervised validation
criterion that considers the neighborhood density of the un-
labeled target. Our notion of a neighborhood is soft, i.e. we
do not form explicit clusters as part of our metric computa-
tion. Rather, we define soft neighborhoods of a point using
the distribution of its similarity to other points, and measure
density as the entropy of this distribution. We assume that a
well-trained source model will embed target samples of the
same class nearby and thus will form dense implicit neigh-
borhoods. The consistency of representations within each
neighborhood should be preserved or even enhanced by a
well-adapted model. Monitoring the density thus enables
us to detect whether a model causes the collapse of implicit

Method Technical Advantages Stability

w/ Xy wlo X, Y w/o HP across methods
Source Risk X X Test split X
IWV [40, 53] X X +Density Model X
Entropy [24] v v v X
SND (Ours) v v v v

Table 1: Technical comparison with other validation approaches.
X denotes unlabeled target, and (X, Ys) denote labeled source
samples. SND computes a score on unlabeled target samples.
Empirically, we verify that our method is stable across different
datasets, methods, and tasks.

neighborhood structure as shown in Fig. 2.

Our proposed metric, called Soft Neighborhood Density
(SND), is simple yet more effective than competing valida-
tion methods. Rather than focusing on the source and target
relationship (like IWV [40] or DEV [53]), we measure the
discriminability of target features by computing neighbor-
hood density and choosing a model that maximizes it.

We demonstrate that target accuracy is consistent with
our criterion in many cases. Empirically, we observe that
SND works well for closed and partial domain adaptive im-
age classification, as well as for domain adaptive semantic
segmentation. SND is even effective in choosing a suitable
source domain given an unlabeled target domain.

Our contributions are summarized as follows:

* We re-evaluate existing criteria for UDA and call for
more practical validation of DA approaches.

* We propose Soft Neighborhood Density metric which
considers target neighborhood structure, improves
upon class entropy (C-Ent) and achieves performance
close to optimal (supervised) HPO in 80% cases on
closed, partial DA, and domain adaptive semantic seg-
mentation.

2. Related Work

Domain Adaptation aims to transfer knowledge from
a labeled source domain to a label-scarce target domain.
Its application in vision is diverse: image classification, se-
mantic segmentation [ 16, 44], and object detection [9]. One
popular approach in DA is based on distribution matching
by adversarial learning [12, 46, 22]. Adversarial adaptation
seeks to minimize an approximate domain discrepancy dis-
tance through an adversarial objective with respect to a do-
main discriminator. Recently, some techniques that utilize
clustering or a variant of entropy minimization have been
developed [34, 18,43, 17]. [43, 18] propose to train a model
by minimizing inter-class discrepancy given the number of
classes. SND computes the density of local neighborhoods
and selects a model with the largest density, which allows
us to select a good model without knowing the number of
classes in the target. All of the existing approaches have
important hyper-parameters to be tuned, such as the trade-
off parameter between source classification and adaptation
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loss. Another important hyper-parameter is softmax tem-
perature [34, 17]. Given a specific target domain, the se-
lection of a source domain is also important. If we have to
choose only a single source domain, the selection process
is crucial for the model’s performance. However, it is ques-
tionable whether existing approaches do HPO in a realistic
way.

Validation Methods for UDA. In Table 1, we summa-

rize several prior validation methods that do not need any
target labeled samples. The validation methods themselves
can have hyper-parameters (HP) and other requirements.
Source Risk. Ganin et al. [12] considers the source risk to
select hyper-parameters. But, the source risk is not a good
estimator of the target risk in the presence of a large domain
gap.
Importance Weighted Validation (IWV) and DEWV.
Sugiyama et al. [40] and You et al. [53] validate methods
using the risk of source samples. If a source sample is
very similar to target samples, the risk on the source sample
is heavily weighted. This approach has a similar issue to
Source Risk validation. Since DEV is developed to control
the variance in IWV, we use it as a baseline in experiments.
Entropy (C-Ent). Morerio et al. [24] employ entropy of
classification output. If the model has confident predictions
in classifying target samples, the hyper-parameter is consid-
ered appropriate. The method is simple and does not require
validation with labeled samples. But, Morerio et al. [24] ap-
ply the C-Ent criterion only to tune their proposed model,
which makes its applicability to diverse methods unclear.
We extensively evaluate this approach and reveal that while
it is often useful, it has a critical failure mode. This failure
mode is that domain adaptation models can output confi-
dently incorrect predictions for target samples. In compar-
ison, we empirically show that Soft Neighborhood Density
gives the most stable results across different datasets and
methods for both image classification and semantic segmen-
tation.

Locally Linear Embedding (LLE). Roweis et al. [31]
compute low dimensional and neighborhood-preserving
embeddings of high dimensional data. The neighborhood-
preserving embeddings recover global nonlinear structure.
We aim to pick a model by monitoring the density of im-
plicit neighborhoods during adaptation.

3. Approach
Problem setting. In UDA, we are provided labeled
source data Dy = {(x}, yﬁ)}éisl and unlabeled target data

Dy = {(xf)}f\[:tl Generally, domain adaptation methods
optimize the following loss,

L= Ls('rsa ys) + )\Ladapt(x&mtan)u (l)

where L is the classification loss for source samples and
Lqdapt 1s the adaptation loss computed on target samples.

DANN No Adaptation
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'. . . -
Yo 4? . ,
-
= %
Collapse of neighborhood J”

» Source Class 0 _Class probability histogram Class probability histogram
® Source Class 1
P Target Class 0 Confdently - High density
misclassified
C-Ent | 0.04 0.178
sND | 4.98 vs 5.20
Accuracy T 46.3 vs 89.7

Figure 2: An illustration of C-Ent failing to detect the collapse
of target neighborhood structure. This is the case where an
adapted model (A = 1.0) confidently misclassifies target samples
and low entropy (C-Ent) cannot select a good model. The model
incorrectly changes the relative distances between target samples.
SND can select a better model since it can consider how well the
neighborhood structure is preserved.

A controls the trade-off between source classification and
adaptation loss. 7 are hyper-parameters used to compute the
adaptation loss. Our goal is to build a criterion that can tune
A and 7. We additionally aim to choose the best training
iteration since a model can be sensitive to its choice.

Assumptions. We assume that target samples embedded
nearby should belong to the same class. Therefore, rep-
resentations of a well-adapted model should result in dense
neighborhoods of highly-similar points. We express density
as the consistency of representations within each soft neigh-
borhood, such that Soft Neighborhood Density becomes
large with a well-adapted model. Models are trained with
labeled source samples as well as unlabeled target samples.
Since source and target are related domains, the model will
have somewhat discriminative features for target samples.
Before adaptation, such features will define initial neigh-
borhoods, namely, samples with higher similarity to each
other relative to the rest of the points. If the selection of
a method and hyper-parameter is appropriate, such neigh-
borhoods should be preserved rather than split into smaller
clusters, and the similarity of features within soft neighbor-
hoods should increase.

Motivation. First, we empirically show the neces-
sity of considering the neighborhood structure. Class
Entropy (C-Ent) [24] measures the confidence in predic-
tion. Through domain-adaptive training with inappropri-
ate hyper-parameters, the confidence in the target prediction
can increase while drastically changing the neighborhoods
from the initial neighborhood structure.

A toy example (Fig. 2) clarifies this idea. We generate
source data from two Gaussian distributions with different
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Figure 3: Method overview. Soft Neighborhood Density measures the density of implicit local neighborhoods in the target domain,
which is used to select hyper-parameters of the adaptation model. We first extract features from the softmax layer for all target samples.

We then compute the similarity distribution from the pair-wise similarities of the features (red boxes highlight similar points). Finally we

use the entropy of the similarity distribution as our evaluation criterion (SND), where the higher its value, the better.

means, which we regard as two classes. Then, we obtain
target data by shifting the mean of one of the Gaussians.
We train two-layered neural networks in two ways: train-
ing with distribution alignment (DANN [12], A = 1.0) and
training with only source samples (A = 0). From the input
space, the target samples should not be aligned with source
class 1 (green circles). But, the DANN model aligns target
samples incorrectly and confidently misclassifies many tar-
get samples, resulting in a very small C-Ent. If we employ
C-Ent as a criterion, we will select the left model which
performs poorly. But, if we are able to consider whether
the density of neighborhoods is maintained or increased, we
can avoid selecting the poor model.

In this toy example, we have utilized the partial DA set-
ting [5], where the target label set is the subset of the source,
and DANN [12] to illustrate the issue of C-Ent. In fact, this
kind of wrong alignment can happen in real data when we
use distribution alignment (Fig. 4a).

3.1. Soft Neighborhood Density (SND)

We aim to design a criterion that can consider the density
of implicit local neighborhoods in the target domain. We
define a soft neighborhood for each sample by computing
its similarity to other samples in the dataset, and converting
it to a probability distribution. This is done via a softmax
activation with temperature-scaling to ignore samples out-
side of the local neighborhood. Once we define the soft
neighborhoods, we can estimate their density by comput-
ing the entropy of the distribution. The overall pipeline in
Fig. 3 consists of 1) computing the similarity between sam-
ples, 2) applying the softmax activation with temperature-
scaling (identifying soft neighborhoods), and 3) calculating
soft neighborhood density.

Similarity Computation. We first compute similarity
between target samples, S € RY+*N¢ where INV; denotes
the number of target samples. Let Si; = (f}, f}). where
f! denotes a Ly normalized target feature for input x!. We
ignore diagonal elements of S because our goal is to com-
pute the distances to neighbors for each sample. This matrix
defines distances, but it is not clear which samples are rela-
tively close to each other vs. far away just from this matrix.

Soft Neighborhoods. To highlight the difference be-
tween nearby points and far-away points, we convert the
similarity between samples into a probabilistic distribution,
P, using temperature scaling and the softmax function,

exp(S;;/7)
> exp(Sij /7))’
where 7 is a temperature constant. Note that the tempera-
ture scaling and the exponential function have the ability to
enlarge the difference between similarity values S;;. There-
fore, if a sample j is relatively dissimilar from ¢, the value
of P;; will be very small, which allows us to ignore distant
samples for the sample i. The temperature is the key to im-
plicitly identifying neighborhoods; we set it to 0.05 across
all experiments given the results of the toy dataset.

Soft Neighborhood Density. Next, we design a metric
to consider the neighborhood density given P. The metric
needs to evaluate the consistency of representations within
the implicit neighborhoods. If a model extracts ideally dis-
criminative features, the representations within a neighbor-
hood are identical. To identify this situation, we propose to
compute the entropy of P. For example, if the entropy of
P; is large, the probabilistic distribution should be uniform
across the soft neighborhoods; that is, neighbors of the sam-
ple ¢ are concentrated into very similar points. Specifically,
we compute the entropy for each sample and take the aver-
age of all samples as our final metric:

1NN
H(P) = - ZZPM log P;;. (3)

i=1 j=1

P = (@)

We then choose the model that has the highest entropy of
all candidate models. If a model falsely separates samples
into clusters as in Fig. 2, the entropy becomes small.

Input Features. The key to the success of our method
is extracting implicit neighborhoods. Ideally, all samples
in the same class should be embedded near each other. In
that case, Eq. 3 can compute the density of each class.
Hence, we need to use class-discriminative features, and the
choice of features can be essential. We propose to employ
the classification softmax output as our input feature vec-
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tor f. Since this feature represents class-specific informa-
tion, it is the most likely to place target samples of the same
class together. As we analyze in experiments, this feature
has smaller within-class variance than either middle-layer
features or classification output without softmax activation.
Therefore, our hope is that the number of clusters in Eq. 2
should be equal to (closed set case) or less than (partial set
case) the number of source classes. In the ideal case, the
computed density should be close to the within-class den-
sity.

Discussion. Note that we assume that the classifier is
well-trained on source samples. The criterion becomes very
large if a model produces the same output for all target sam-
ples. To avoid this, the model needs to be well trained on
source samples, which can be easily monitored by seeing
the loss on source training samples.

Also, note that our assumption is that samples embedded
nearby are likely to share the category labels. This is consis-
tent with an assumption made by general domain adaptation
methods [1]. If a pre-trained model provides very poor rep-
resentations or the source domain is too different from the
target, the assumption will not be satisfied. Under this set-
ting, any metrics of UDA will not be a good tool to monitor
the training.

Extension to Semantic Segmentation. In semantic
segmentation, the outputs for each image can be as large
as one million pixels. When the number of target samples
is that large, the computation of the similarity matrix can be
very expensive. In order to make the computation of SND
more efficient, we subsample the target samples to make the
similarity graph smaller and easier to compute. In our ex-
periments, we randomly sample a hundred pixels for each
image and compute SND for each, then, take the average
of all target images. Although the method is straightfor-
ward, our experiments show that the resulting approxima-
tion of SND continues to be an effective criterion for select-
ing hyper-parameters.

4. Experiments

First, we evaluate the existing metrics and SND to
choose hyper-parameters in domain adaptation for image
classification and semantic segmentation. Second, we show
experiments to analyze the characteristics of our method.

We evaluate the ability to choose suitable hyper-
parameters including checkpoints (i.e., training iterations)
for unsupervised domain adaptation. Closed DA (CDA) as-
sumes that the source and target domain share the same la-
bel set while partial DA (PDA) assumes that the target label
set is the subset of the source. We perform experiments on
both adaptation scenarios. The details of semantic segmen-
tation are described in the appendix. The general design of
the experiment is similar to image classification.

4.1. Adaptation Methods

For each method, we select the hyper-parameter men-
tioned below, plus a training iteration. See appendix for
other hyper-parameters used in experiments.

Adversarial Alignment. As a representative method
of domain alignment, we use CDAN [22]. We select a
weight of the trade-off between domain confusion loss and
source loss (A = 0.1, 0.3, 0.5, 1.0 ,1.5, with A = 1.0 as its
default setting). To analyze the behavior in detail, we also
utilize DANN [12] for OfficeHome PDA. The validation is
done in the same way as CDAN.

Clustering. As a clustering-based DA method, we uti-
lize Neighborhood Clustering (NC) [34]. NC performs
clustering using similarity between features and a temper-
ature is used to compute the similarity distribution. Since
the selection of the temperature value can affect the perfor-
mance, we evaluate criteria to choose the best temperature
(n=0.5,0.8, 1.0, 1.5, with = 1.0 as its default setting).

Classifier Confusion. As a recent state-of-the art
method, we employ MCC [17], where a temperature is used
to compute the classifier’s confusion loss. The goal is to
tune the temperature values (n = 1.5, 2.0, 2.5, 3.0, 3.5, with
n = 2.5 as its default setting).

Pseudo Labeling (PL). Employing pseudo labels [20]
is one of the popular approaches in DA [55, 56, 35]. One
important hyper-parameter is a threshold to select confident
target samples. If the output probability for a predicted class
is larger than the threshold, we use the sample for train-
ing. The optimal threshold may be different for different
datasets. Then, our goal is to tune the threshold values (1 =
0.5,0.7,0.8, 0.9, 0.95).

Semantic Segmentation. AdaptSeg [44] and AD-
VENT [50] are employed. For both methods, the goal is
to tune both trade-off parameters of adversarial alignment
loss (\) and training iterations.

4.2. Setup

Datasets. For image classification, we use Office [33]
(Amazon to DSLR (A2D) and Webcam to Amazon (W2A)
adaptation) with 31 categories and OfficeHome [48] (Real
to Art (R2A), Art to Product (A2P) and Product to Clipart
(P2C)) with 65 categories. Office is used for CDA while
we use OfficeHome for both CDA and PDA. For the cate-
gory split of PDA, we follow [6]. To further demonstrate
applicability to large-scale datasets, we evaluate SND on
VisDA [28] and DomainNet [27] in CDA. We describe the
detail in the appendix. In semantic segmentation, we use
GTAS [30] as a source and Cityscape [10] as a target do-
main.

Baselines. Entropy [24] directly employs the entropy
of the classification output. It takes the average of all
samples. A smaller value should indicate a better-adapted
model. For DEV [53], we need to have held-out validation
source samples. Since holding out many source samples can
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Method CDAN [22] MCC [17] NC [34] PL [20] Ave
A2D W2A R2A A2P | A2D W2A R2A A2P | A2D W2A R2A A2P | A2D W2A R2A A2P
Lower Bound | 77.7 574 587 599 | 804 62.6 59.0 60.5 | 69.8 60.2 67.7 665 | 804 651 66.8 66.6 | 66.4
Source Risk 879 655 623 622|928 702 656 726 | 781 668 713 704 | 845 674 693 674 | 71.1
DEV [53] 90.0 664 635 624|913 676 63.1 70.1 | 781 653 714 721 | 847 675 690 692 | 71.6
Entropy [24] 823 638 61.7 634 | 913 724 669 703 | 884 664 720 737 | 848 674 701 694 | 719
SND (Ours) 929 67.0 708 673 | 926 674 688 728 | 84 664 725 739 | 851 674 701 694 | 743
Upper Bound ‘ 933 698 71.1 68.1 | 945 729 695 744 | 8.6 712 728 741 | 8.8 68.1 708 702 | 755

Table 2: Results of closed DA. SND provides faithful results for all methods and datasets, i.e.

Office (A2D and W2A) and OfficeHome

(R2A and A2P) whereas baselines show several failure cases. Lower/Upper bounds are results obtained with the worst/best model.

CDAN MCC NC PL
Method R2A ch[ ]A2P R2A PZé ]A2P R2A PZ[C ] A2P | R2A P2[C ] Ap || A8
Lower Bound | 60.9 345 60.2 | 53.7 383 609 | 60.0 37.5 523|492 566 44.1 || 50.7
Source Risk 67.6 420 648 | 65.1 474 733 | 766 498 779 | 61.5 7277 535 || 62.7
DEV [53] 65.6 366 639 | 677 473 703 | 723 545 67.0 | 624 663 52.1 || 60.5
Entropy [24] 64.7 403 648 | 53.8 404 620 | 79.1 582 787 | 60.1 71.7 47.0 || 60.1
SND (Ours) 66.3 457 654 | 702 508 793 | 79.2 58.1 782 | 68.7 722 579 | 66.0
Upper Bound | 68.8 469 685 | 720 52.1 79.7 | 80.1 582 79.1 | 69.0 74.0 594 || 67.3
Table 3: Results of partial DA on OfficeHome. SND performs the best on average.
degrade the accuracy of adapted models, we take 3 source
samples per class as validation sets. Increasing the number . e = by ' 2
of source validation samples to more than 3 per class does . ~s '..: :.- e e : : ""‘ ,
not much improve the validation performance. See the ap- N :.'.-'. <, s O e J »e % oo
pendix for more detail. A smaller risk represents a better = " " i .

model. Similarly, Source Risk is measured on the source
validation samples. We also report lower bound and upper
bound performance among all hyper-parameters.

Evaluation Protocol. In image classification, we train
all adaptation methods for 10,000 iterations. Although ev-
ery method has different default training iterations, we keep
them the same for the simplicity of experiments. Then, we
select a checkpoint that shows the best value among all re-
ported iterations and choice of hyper-parameters. In seman-
tic segmentation, we calculate mIloU and each criterion sim-
ilarly. We don’t use DEV [53] for semantic segmentation
since the design of the domain classifier is complicated. We
run experiments three times and show their averaged accu-
racy.

Implementation. We utilize published official imple-
mentations for adaptation methods, CDAN, MCC, NC,
AdaptSeg, and ADVENT. For the pseudo labeling method,
we use the NC’s implementation. These methods use
ResNet50 or ResNet101 [15] as backbone networks. Adapt-
Seg and ADVENT employ DeepLab [7]. See the appendix
for more details.

4.3. Validation Results

Image Classification. The results of image classifica-
tion are summarized in Tables 2, 3, and 4. Fig. 5 shows plots
of accuracy and criteria for several adaptation settings. In
most cases, DA methods are sensitive to hyper-parameters
and training iterations. As we can see in the Tables, our pro-
posed method faithfully selects good checkpoints for vari-

(a) DANN tuned by Entropy [24] (Accuracy: 35.1 %).

-
L J e * of
_,:‘_ 5w e
Tl e e
e ..‘}rf“w"'.' e '35 i ‘>
ol - O
- ¥ -

(b) DANN tuned by SND (Accuracy: 70.8 %).
Figure 4: Feature visualization [23]. OfficeHome partial DA
using DANN [12]. Left: Source (Blue), Target (Red). Right:
Target samples. Different colors denote different classes. (a) En-
tropy [24] does not detect the collapse of the neighborhood struc-
ture and chooses a model that wrongly aligns features. (b) SND
chooses a model that keeps the structure.

ous methods and two category shifts. Of course, there are
some gaps between the upper bound and our score, but the
gap is not large. Importantly, SND does not catastrophi-
cally fail in these cases while other criteria choose several
bad checkpoints. Besides, the curve of accuracy and SND
have very similar shapes. The results denote that SND is ef-
fective for HPO in various methods. In the experiments on
VisDA and DomainNet, most methods select good check-
points since adaptation methods are stable across different
hyper-parameters.

Source Risk provides a good model in some cases, but
also catastrophically fails in some cases such as A2D in NC
Table 2. DEV [53] also sometimes catastrophically fails.
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CDAN [22] MCC [17] NC [34] PL [20]

Method VisDA DNet VisDA DNet VisDA DNet VisDA DNet Avg

Lower bound | 51.1+£13 513+1.4 | 67.101.1 54.8+2.1 | 448437 5694104 | 58.7+41.1 555+03 || 55.0£1.1
Source Risk | 72.610.8 63.8+1.4 | 71.740.8 58.740.8 | 658413 62.010.2 | 66.742.8 59.940.5 || 65.100.3
DEV [53] 72.6+0.8 57.944.1 | 72.343.0 585405 | 65.8+1.3 59.440.8 | 66.742.8 59.140.3 || 64.0+1.1
Entropy [24] | 69.941.8 61.5+1.1 | 68.94+1.3 592402 | 68.4+1.1 62.340.6 | 68.5+0.1 60.740.3 || 64.940.2
SND (Ours) | 70.3+0.1 64.940.4 | 73.0£1.1 589423 | 66.9+32 62.440.8 | 69.0-1.1 60.9+0.1 || 65.8+0.3
Upper bound | 74.1+1.1  65.60.1 | 74.540.6 61.240.5 | 69.240.2 63.2+0.2 | 69.2+0.8 61.0+0.1 || 67.2%0.1

Table 4: VisDA [28] and DomainNet (DNet) [27] results in closed DA. Averaged accuracy over three runs and its standard deviation are
shown. We utilize Real to Clipart adaptation for DomainNet. SND performs the best on average.
OfficeHome Product to Clipart Partial. Adapted by NC
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Figure 5: Iteration versus accuracy and HPO criteria. To ease comparison between accuracy and criteria, we flip the sign of criteria for
Entropy, Source risk, and DEV. Notice how SND curves track the Accuracy. More results are shown in appendix.

GTAS to Cityscape | AdaptSeg [44] | ADENT [50]
Lower Bound 31.1£0.5 21.0£2.5
Source Risk 35.64+2.9 37.2+1.6
Entropy [24] 39.3+1.1 35.6+3.7
SND (Ours) 39.5+0.8 40.21+0.5
Upper Bound 40.4£0.5 43.6+0.3

tion, we can pick a good model. However, as is clear from
the graph at the bottom of Fig. 5, it causes catastrophic fail-
ure by mistakenly providing confident predictions in PDA
(Real to Art) adapted by DANN. We show the feature visu-
alization of DANN results in Fig. 4. The model selected by

Table 5: Validation results in domain-adaptive semantic segmen-
tation in GTAS to Cityscapes adaptation.

From Fig. 5, these two criteria have some variance and do
not necessarily reflect the accuracy in the target. We hy-
pothesize that there are two reasons. First, Source Risk is
not necessarily correlated with the performance of the tar-
get. If a model focuses on the classification of source sam-
ples (i.e., setting A = 0 in Eq. 1), the risk gets small, which
does not indicate good performance on the target domain.
Unless the source and target are very similar, the risk will
not be reliable. Second, we may need careful design in se-
lecting validation source samples and the domain classifier
construction for DEV. However, considering the practical
application, the validation methods should not have a mod-
ule that requires careful design.

Entropy [24] (C-Ent) shows comparable performance to
SND in NC [34] and PL [20]. This is probably because both
methods are trained to maintain the target neighborhood
structure. Then, by monitoring the confidence of the predic-

C-Ent collapses the neighborhood structure of target sam-
ples yet matches them with source samples, which results
in a lower C-Ent value. By contrast, SND selected a model
that maintains the structure. Since the overconfidence issue
can happen in many methods and datasets, C-Ent is not re-
liable for some methods. This is consistent with the results
on the toy dataset in Fig. 2.

Semantic Segmentation. Table 5 describes the check-
point selection result. SND selects good checkpoints for
both methods. If we compare the performance of the upper
bound, ADVENT [50] is better than AdaptSeg [44] with
3.2 points in mloU. But, the gap becomes much smaller
(only 0.7 points) if we apply unsupervised evaluation. AD-
VENT [50] is more sensitive to hyper-parameters such as
training iterations than AdaptSeg [44]. Many current state-
of-the-art models seem to select checkpoints by the target
risk. But, as this result indicates, such comparisons may be
misleading for real-world applications.

Source Domain Selection. We examine whether SND
can select the best source domain given a target domain us-
ing the OfficeHome dataset. The task is to predict the best
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Target: R | Target: Ar | Target: C1 | Target: Pr

Method Acc. S Acc. S Acc. S Acc. S

Lowerbound | 67.5 Cl | 563 Pro | 432 Pro | 644 Cl

SND (Ours) | 746 Ar [ 692 R | 501 R | 783 R

Upper bound | 76.0 Pro | 69.6 R | 51.1 R | 790 R

Table 6: Source domain selection experiments using the Office-
Home dataset. We show the accuracy of the selected model and se-
lected source domain (R: Real, Ar: Art, Cl: Clipart, Pr: Product).
SND selects the best source domain except for the Real domain.
Even in that case, the selected model and the oracle accuracy per-
form similarly.

Input Layer AtoD WtoA AtoP
Middle 0437 0594 0474
Last w/o Softmax | 0.215  0.388  0.301

Last w Softmax 0.163 0348  0.285

Table 7: Analysis of input features. Within-class variance nor-
malized by variance of all samples. Features of the last layer after
softmax show the smallest variance within-class.

Office A2D Closed. Adapted by CDAN
(a) Accuracy (b) SND

(c) SND w/o Softmax

wo 1060 mo

% wmw  mw 0o 00
terations

W w0 mw
terations

Figure 6: Analysis of softmax features. We remove the softmax
layer to obtain target features and compute SND w/o Softmax. The
accuracy and SND w/o Softmax have correlation, but the correla-
tion depends on adaptation methods. Applying softmax makes the

correlation consistent across methods.

source domain from 3 candidates given a target domain. For
simplicity, we do not use any adaptation method, thus we
just train a model using source samples and evaluate using
unlabeled target samples. As shown in Fig. 6, though SND
does not always predict the best source domain, it always
returns a model with upper-bound level performance.

4.4. Analysis

Effectiveness of Softmax Normalization of Features.
Here, we analyze the effect of using softmax normalized
features to compute S;; in Sec. 3.1. We compute the relative
within-class variance, i.e., within-class variance divided by
the variance of all classes, and compare between different
features in Table 7. The features we employ (Last w Soft-
max) show the smallest relative variance, i.e., they separate
each sample from other classes the best. Therefore, using
the features allows us to ignore samples of other classes ef-
fectively in computing Eq. 2.

Next, we track SND without softmax normalization S;;
in Fig. 6. Note that we retain the softmax which normal-
izes the rows of the similarity matrix in Eq. 2. The ac-
curacy and SND w/o Softmax have correlation, but the cor-
relation depends on adaptation methods. The softmax nor-
malization has the effect of highlighting difference between
within-class and between class variance, which is a key to
the success of SND. Other normalization methods, such as
L2, didn’t have the same effect.

Possible Failure Cases and How to Avoid Them. As
we mention in the method section, first, if a model is not
trained at all, the output does not characterize features of the
target samples and SND does not work well. We can easily
address this by monitoring the training loss on source sam-
ples. Second, one can also fool SND by training a model
to collapse all target samples into a single point. Empiri-
cally, we find that such a degenerate solution is hard to de-
tect with any metrics including SND. One possible solution
is to compare the feature visualizations of an adapted and
an initial model. We leave further analysis to future work.

5. Conclusion and Recommendations

In this paper, we studied the problem of validating un-
supervised domain adaptation methods, and introduced a
novel criterion that considers how well target samples are
clustered. Our experiments reveal a problem in existing
methods’ validation protocols. Therefore our recommen-
dations to evaluate UDA algorithms in future research are
as follows:

* Report which HPO method is used and describe the
detail of validation if it includes hyper-parameters, e.g.
number of hold-out source samples.

e A space to search hyper-parameters can be defined
with the scale of loss and insight from previous works,
but should be clearly discussed.

* Show the curve of the metric and accuracy.

* Publish implementations, including code for HPO.

It is important to design adaptation methods considering
how HPO works on them. For example, methods requiring
many hyper-parameters are hard to validate and, as we see
in the right of Fig. 6, the difficulty of unsupervised valida-
tion differs from method to method.

Applying this protocol may reveal methods with highly
performant upper-bounds on accuracy, but which are diffi-
cult to tune with any unsupervised validation criterion, in-
cluding ours. In such scenarios, it may be reasonable to use
a small set of target labels. However, this should be clearly
discussed in the paper.

Finally, HPO is also crucial in open-set DA [4, 36] and
domain-adaptive object detection [9], and the topic of gen-
eralization in general. We leave extensions to these other
tasks to future work.
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