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Abstract

Unsupervised domain adaptation (UDA) deals with the adaptation of models from a
given source domain with labeled data to an unlabeled target domain. In this paper, we
utilize the inherent prediction uncertainty of a model to accomplish the domain adapta-
tion task. The uncertainty is measured by Monte-Carlo dropout and used for our pro-
posed Uncertainty-based Filtering and Feature Alignment (UFAL) that combines an Un-
certain Feature Loss (UFL) function and an Uncertainty-Based Filtering (UBF) approach
for alignment of features in Euclidean space. Our method surpasses recently proposed
architectures and achieves state-of-the-art results on multiple challenging datasets. Code
is available on the project website.

1 Introduction

Training modern convolutional neural network (CNN) architectures with millions of param-
eters requires a vast amount of training data. However, data might be very expensive or
difficult to acquire for a target domain while labeled data is readily available from another
domain (source data). For example, the source domain could be constructed from synthetic
data while classifying unannotated data (e.g. medical images) is the actual inference task.
Unfortunately, the domain difference between source and target data results in a severely
degraded performance when evaluating a source-trained model on the new target domain.
Unsupervised domain adaptation seeks to address this domain shift problem in order
to maximize a model’s accuracy on unlabeled target images given only labeled data from
a source domain. Several different approaches have been proposed in recent research to
achieve this goal. Pixel-level methods try to manipulate source and target images through
style-transfer by mapping them into a joint image space so that a common classifier can be
used. At feature level, methods either try to minimize distribution divergence measures such
as the maximum mean discrepancy (MMD) [14], Kullback-Leibler divergence [23] or reach
feature similarity by enforcing domain confusion between source and target features through
adversarial training [12, 27]. Other approaches — such as [9, 21, 22] — have combined this
with a model’s predictive uncertainty by e.g. forcing the uncertainty distribution to be similar
on source and target data. In this paper, we also explore the usage of uncertainty for unsuper-
vised domain adaptation, which we quantify under the Monte Carlo dropout [6] approxima-
tion of Bayesian inference. However, in contrast to prior work, we leverage the uncertainty
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(a) (b)
Figure 1. Our two applications of uncertainty: (a) Iteratively reassigned Uncertain Featur
Means (UFM). Instead of having a xed position, feature means move depending on th
assignment of grey samples. In a 2D example, we can visualize the uncertain area wi
dashed circles. In higher dimensions, this produces a hypersphere. (b) Uncertainty-bas
distances for the Uncertain Feature Loss (UFL). The distance of the current sample (gr
blob) is adjusted based on its uncertain assignment to the clash; 82C; Dg.

for feature alignment in Euclidean space and also for Itering of target data instances. Ful
thermore, we identify batch-normalization [3, 13] as point of failure for domain adaptation
training on multiple GPUs and present a concept based on ghost batch-normalization [1
to x this problem. Our thorough experimental section shows that our proposed approac
achieves state-of-the-art results on popular UDA benchmark datasets.

To summarize, our contributions are as follows: (i) We propose a new loss functior
that exploits a model's uncertainty for feature alignment in Euclidean space and ltering of
uncertain pseudo-labels. (ii) We extend the concept of ghost batch-normalization to UD;
setups and propose the smart batch layout (SBL). (iii) In combination, our proposed af
proach achieves state-of-the-art (SOTA) results on multiple benchmark datasets such
Of ce-Home [33] and Of ce-Caltech [8]. Code will be made available to the community
to encourage the reproduction of our results.

2 Related Work

In prior research, the domain shift problem was tackled in multiple different ways: The au
thors of [1] propose an image-level domain adaptation approach that leverages style transt
Synthetic data is used for training and then transferred into the real domain to achieve d
main adaptation for monocular depth estimation. Similarly, Bousneal&. [2] also use a
GAN-based approach to modify source examples and make them appear as if drawn frc
the target domain. Methods based on feature-level adaptation have also been proposed: (
of the rst works in this direction was proposed by Gaeinal. [7]. They present a gradient
reversal layer that is attached to a feature extractor. This often called RevGrad layer forc
the feature distributions from the source and target domain to be as indistinguishable as p«
sible, thus yielding domain-invariant representations. Similarly, Pinhediia. [27] use a
prototype-based algorithm that forces features extracted by a CNN to be domain-invariar
They propose a setup that eventually learns a pairwise similarity between said prototyp
and images from the target domain. Another popular way to match feature representatio
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between domains is based on maximum mean discrepancy. While already used st Lor
al. [19], it was recently picked up again by Kaagal [14] and achieves domain adaptation
by minimizing this measure between the source and target distributions. €hahg] fol-

low another direction and propose domain-speci ¢ batch-normalization layers to capture
different distributions between the domains. Other approaches combine these feature-
image-level approaches. Hoffman al [12], for example, proposed the CyCADA frame-
work, that adapts feature representations at both the feature- and pixel-level by enfor
local and global structural consistency. Additionally, they use cycle-consistent pixel tra
formation, which they show to be important for their semantic segmentation task.

The usage of a prediction model's uncertainty was also the subject of prior researcl
domain adaptation. The foundation for many works using uncertainty is the popular Mo
Carlo dropout (MC dropout) [6]. MC dropout leverages the standard dropout layer [30] d
ing inference time to get varying probability outputs which can be seen as an approxima
to Bayesian inference in deep Gaussian processes. éiag21], for example, control the
classi er uncertainty to guarantee the transferability and also condition a domain discrit
nator on the uncertainty of classi er predictions. Hetnal. [9] propose the calibration of
predictive uncertainty of target domain samples given the source domain uncertainties. T
quantify their model's uncertainty by a Bayesian Neural Network under a general Rényi
tropy regularization framework. Mandees al. [22] make use of an adversarial approach
that enforces the target domain uncertainties to be indistinguishable from the source dor
uncertainties. In this work, we explore the use of uncertainty in a different way than pr
work: We do not use adversarial or pixel-level methods but instead consider uncertaint)
a distance measure at the feature level. Given a CNN feature extractor and uncertaintie:
tained through MC dropout, we align the features in Euclidean space in a way that re e
the model's uncertainty. This helps to separate distinct classes during early training wi
keeping together instances with high confusion potential until their certainty level rises.
a similar way, we exploit a model's uncertainty to Iter low quality pseudo-labels and defi
their usage for later training stages.

3 Approach

In an unsupervised domain adaptation (UDA) setup, we consider a labeled source dor

dataseDg = f(xg);y(si))gi'\f1 and unlabeled target domain dataBet= fxt(i)gi'\i‘l, Wherexg)

is the i-th example in the source domain qé'bz Cis its corresponding label from label set
Cwith jCj= N classes. The objective is then to predict the associated ground truttyt(fébel
for a givenxt('). For our approach, we utilize a common CNN feature extradto) ,(such
as ResNet [10]) in conjunction with a classi etl( )) that predicts class probabilities. We
denote their combination &g ) with trainable weightsg|.

With this setup, we can now formally introduce our concept of uncertainty using M
dropout. LetNyc be the number of stochastic forward passes using MC dropout. We ¢
then calculate the new class probabilities as

o 1 Nwc .
)= - ac f) m 1)
MC j=1

wherem; is a mask drawn from a Bernoulli distribution according to the dropout rate dad
the element-wise multiplication. We interpret the averaged probabiliffeésas a proxy



4 RINGWALD ET AL.: UDA BY UNCERTAIN FEATURE ALIGNMENT

measure for how uncertain (or certain) the model is in its predictions. Under this de nition,
a model would be completely uncertain of its prediction wheis &qual to the uniform
distribution and completely certain when it can be expressed by the Kronecker delta functio
Usually, the probability distribution exhibits a few distinct peaks. These are the classes tt
model is confused by and which it can not separate given the current training progres
For brevity, we will usep to denote the usual softmax probabilities of a network prid ~
denote the probability distribution obtained by averadiyg MC dropout iterations. In the
following sections, we will describe how this uncertainty measure is used to achieve UDA.

3.1 Binned Instance Sampling

As the foundation of our method, we propose a hew sampling scheme called Binned Instan
Sampling (BIS). Before applying BIS, we rst train our classi cation netwgnkith weights

g in a supervised fashion on data tup(exg) y(i)) 2 Ds. This already enables us to obtain
a probability distributionpt =foq (xt )% ) Dg for every target domain image. Every

few training steps, we estimate pseudo- Iabelptas argmaxpt ¢ ) and associate it with the
c2C
i-th example in the target domain. Based on this, we start the actual domain adaptatic

phase. Evidently, a model only trained on the source domain will suffer from the domair
shift problem and produce noisy label estimates. The goal of BIS is to reduce the impa
of wrong pseudo-labels by preferring high con dence examples while still considering the
whole target domain dataset for training.

Given Ng bins of decreasing sizke = fl ¢;::;;1 ng 10, BIS rst groups target domain
examples into structurk;.,;c; based on their pseudo-label assignment and then sorts then
in descending order based on their softmax probabigyhere p'was obtained earlier by
pseudo-labeling. At this point, a clas® C is drawn. We then randomly sample instances
from k according to Equation 2. Here, sample(a, b) randomly thlssmples from the list
of samplesa and] ; ] is the slicing operator.

1
Te = sample k¢ i—
i=0

jk cJ chJ

(| + 1) (2)

For a batcHB with size|Bj, this sampling process is repeated uhstichj = % is reached
whereT is the set consisting & | j instances of randomly sampled clas§ he other half

of the batch is similarly sampled from the source domain and denote&l by this case,
however, the order of samples is irrelevant. The nal result of BIS is two 8sésd T both
containing instances for the same classes. NoteTthatbased on fuzzy pseudo-labels and
might contain instances that do not correspond to the sampled class label. The further use
of these two lists for training is discussed in the following section.

3.2 Smart Batch Layout

The batch-normalization layer rst proposed by lo#eal. [13] is an important part of most
modern neural network architectures. Batch-normalization is said to address the internal c
variate shift problem and enables faster training with higher learning rates. During training
batch-normalization whitens a given input feature mdyy applying Equation 3. Heram
ands 2 are the channel-wise mean and variance of all channel-slices in a mini-lgadoll.
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Figure 2: Visualization of our proposed smart batch layout (SBL) with 4 replicas, 6 clast
and 2 domains. Each colored box is representing multiple images of a certain class.

b are learnable parameters that saaleandshift the outputs if necessary. Additionally, an
exponential moving average is calculated over the mini-bateimds ? values while train-
ing. During test time, these aggregated population statistics are used instead of the cu
mini-batch statistics.

BatchNorngx) = QM +b 3)
s2+e

In modern deep learning frameworlesd@ PyTorch [25]) models can often be distributed
over multiple GPUs. To avoid synchronization overhead during training, these framewo
calculate the mean and variance only over the partial mini-batch on the local repdidar
a batch size of 128 and 4 GPUs, every replica would consider only 32 examples. Upd
to the population statistics are only done on the rst replica and then broadcasted before
next forward pass. While this setup — sometimes referred to as ghost batch-normalizati
is not the correct implementation w.r.t. [13], it can actually help to improve results [11].

However, this can be problematic in UDA setups. As per de nition of the domain ada
tation problem, the source and target data are drawn from a different distribution. Cons|
e.g a source domain of synthetic data (gray scale images) and a target domain of real w
images (full RGB): When using multiple GPUs for training, the updatesaads 2 are now
highly dependent on the order of examples within a mini-batch as the statistics are only ¢
puted per replica. If exclusively source instances are on the rst replica, only their mee
and variances will contribute to the test time population statistics; the same holds true
other extreme constellations. This hinders domain adaptation performance when using
same network as pseudo-labeler, as the statistics are now adjusted for the source distrib
We propose the smart batch layout to counteract this problem: Given the twS bstd T
from the previous section and number of replibis we distribute the sampled instances so
that every replica contairw%% samples from botls andT . Examples from a single class
(Sc andT.) are rst equally exhausted before considering the next class. Overall, this evel
distributes classes and domains so that every replica considers both the source and
distributions for local statistics computations. The same concept applies to the rst repl
responsible for the aggregation of population statistics and is visualized in Figure 2.

3.3 Uncertain Feature Loss and Filtering

Only training on pseudo-labels generated by our mgdehds to degraded performance, be-
cause wrong predictions are eventually considered as training targets during the followin
erations. We thus try to make the model aware of its own prediction uncertainty and cons
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other plausible classes instead of only the maximum prediction. Recall from above our bas
training loop: After trainingg on the source domain, we start the adaptation phase by gen-
erating pseudo-labelp(” from distributionp() every few mini-batches. Additionally, we
calculate the uncertainty distributigrafid features = f8i:u® = f(x(N)g. We then gener-

ate mean features for all classes. However, we do not rely on the maximum pregittibn ~
instead assign a class based on the uncertaibty conducting weighted random sampling
P = weightedSamplingC; ). Given these assignments we then construct uncertain
mean features (UFM) for every class\ac) = JI L &lic, whereic= fu Dju® 2 ~pM = cg.
Becausep is resampled every few steps, this does not result in a xed feature mean, but in
stead in an uncertain hypersphere around the class mean embedding based on the cur
iteration's aSS|gnments (visualized in Figure 1a).

The dlstr|but|onpC can be interpreted as a measure for how likely the model currently
thinks the i-th example belongs to classWe propose to use this information as a distance
measure in order to align the features in Euclidean space according to the uncertainty. |
tuitively, the distance between a feature embedding and a class mean embedding should
minimized when the model is certain about its assignment and maximized when it is unce
tain. Figure 1b visualizes this in a toy example. There, the current safifigrey disk) has
A = f0:35;0:30;0:25; 0:10g for the 4 classes. We now want to alifix()) in a way that its
distance to the uncertain class means re gts Distances to more likely assignments are
kept low, while unlikely ones are pushed further away in comparison. As a result, highly un
likely classes (such as D) are separated frhtue to their low probability so that the model
only needs to discriminate a reduced subset of possible assignments during following trai
ing steps. This can be seen as a deferred feature disentanglement: First, easy to distingt
classes are separated from each other due to having a single peak in the uncertainty distri
tion, thus minimizing the distance towards that class. As training progresses, the model se
more and more target data which improves its feature estimation and prediction qualitie
For hard to classify examples, this shifts the multimodal uncertainty distribution towards :
Kronecker delta, eventually forcing the model to also separate the more dif cult samples
Implementation-wise, we achieve this by enforcing the softmax-normalized negatiie
tances to all class mean embeddings to re gét With these preconditions, we can write
our proposed Uncertain Feature Loss (UFL) loss function as a combination of above unce
tain feature alignment (distance-based) and the current pseudplgtreldiction-based) in
Equation 4.

5 distar}Te—based { predlcil n-based
Lurt(x W= § felogz® w2 W:-ifg() wii3 . & f(Dclog(gg(¥)e) (4)
c2C ( c2C
ek 1, z=c
h = d f = ' 5
where z (2)k éjezi an (2¢ 0 26 ¢ (5)

Our UFL loss is only applied to the target domain samples during training; source instance
are trained with normal cross-entropy loss with label smoothing. Additionally, we conside
another use fop:"As written above ptontains information about how certain the model is

for a class assignment. A peak of 100% for one class re ects total certainty while a uniforn
distribution re ects total uncertainty. In the latter case, the sample should not be used fc
training as its pseudo-label is inaccurate with high probability. Based on this observatior
we also propose Uncertainty-Based Filtering (UBF), which removes a sample from trainin

if &top(p) | wherej isa xed threshold. Parametéris dynamically set a§ thus
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(a) Of ce-Home (b) Of ce-Caltech (c) VisDA 2017
Figure 3: Example images from the three datasets used for evaluation: (a) Of ce-Home v
Art, Clipart, Product and Real-world domains. (b) Of ce-Caltech with Amazon, Caltecl
DSLR and Webcam domains. (c) VisDA 2017 with synthetic and real domains.

depending on the total number of classes in a dataset and considering the rising uncert
that comes with more classes. Intuitively, this enforces the top classes to contain the maji
of the probability mass. The UBF process also removes samples from the UFM calculat
therefore providing a cleaner estimate for the class means.

4 Experiments

4.1 Setup

Datasets We evaluate our proposed method on three public benchmark daté¥ets:
Home[33] is a challenging dataset with 15,588 images from 65 classes in the four doma
Art, Clipart, Real-World and Product. Especially the Art and Clipart domains constitute
large domain gap to real-world data. Additionally, we use @fee-Caltechdataset with
2,533 images from 10 classes in the four domains Amazon, Caltech, DSLR and Webc
Finally, we also evaluate on the Syn2Real-C (VisDA 2017) dataset [26] with 152,397 s
thetic 3D renders as well as 55,388 (validation set) and 72,372 (test set) real-world ime
from 12 classes. Examples from the three datasets are shown in Figure 3.
Hyperparameters. For our Of ce-Home and Of ce-Caltech experiments, we use ResNe
50 [10] as feature extractor; for VisDA 2017 ResNet-101 is the common setup. In b
cases, networks are pretrained on ImageNet. We append one linear layer for classi ca
and jointly optimize all parameters using SGD with Nesterov momentum [24] of 0.95. Wh
generatingp, we useNyc=20 iterations with MC dropout rate 85%. Features grate cal-
culated every 50 forward passgs(and thus UFM) is resampled every ve steps. For the
purpose of SBL evaluation, we train on 4 NVIDIA GTX 1080 Ti GPUs.

Our code is implemented in PyTorch [25] and available on the project wébBitase refer
to the supplementary material for further information about the training process.

4.2 Results

Ablation Study. We start by conducting an ablation study for every part of our propose
method and show the results on the VisDA 2017 dataset in Table 1. Note that these re:

https://gitlab.com/tringwald/ufal
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Method Accuracy Rel. Gain
Source only 58.3 +0.0
BIS + source rst 63.0 +4.7
BIS + random 75.6 +17.3
BIS + SBL (random order) 76.4 +18.1
BIS + target rst 76.5 +18.2
BIS + SBL 78.4 +20.1
BIS + SBL + UBF 78.0 +19.7
BIS + SBL + UFL 79.8 +21.5
BIS + SBL + UFL + UBF (no UFM) 78.8 +20.5
BIS + SBL + UFL + UBF(UFAL) 81.8 +23.5

Table 1: Ablation study for the different parts of our proposed method on the VisDA 2017
validation set. Note that these results are reported as standard accuracy (in %).

Set Method aero  bicycle bus car horse knife  motor  person plant skate train truck Avg.
Val  Source only 64.7 30.8 70.1 69.8 80.1 202 854 250 731 36.7 859 7.1 541
Val SimNet-152[27] 943 823 735 47.2 879 492 751 797 853 685 811 503 729
Val ADR [15] 87.8 795 837 653 923 618 889 732 878 600 855 323 748
Val  SAFN [37] 936 61.3 841 70.6 941 79.091.8 79.6 899 556 89.0 244 76.1

Val DSBN [3] 947 86.7 76.0 720 952 751 879 813 911 689 883 455 802
Val DTA[17] 93.7 828 856 838 93.0 810 90.7 821 951 78.1 864 321 815

Val SE-152 [4] 959 874 852 586 96.2 957 90.6 80.0 948 90.8 884 47.9 843
Val CAN [14] 97.0 87.2 825 743978 96.2 90.8 80.7 96.6 96.3 87.5 59.9 87.2

Val  UFAL (ours) 976 824 86.6 67.3 954 905 895 820 951 885 869 54.0 847
Test CAN[14] - = = = = = = = = = = —@gas

Test SDAN [5] 943 865 869 951 911 900 821 779 964 772 86.6 88.0 87.7

Test UFAL (ours) 949 870 870 965 918 951 768 789 965 80.7 93.6 8@8.8
Table 2: Classi cation accuracy (in %) for different methods on the VisDA 2017 dataset.
ResNet-101 is used as a backbone if not denoted by a hyphenated suf x.

are reported as standard accuracy instead of mean accuracy so that the class imbalance
not in uence the evaluation. Our baseline is a model trained only on the source domain dat
When adding our Binned Instance Sampling, this lower bound can already be improved k
up to 20.1%. However, we con rm that the multi-GPU batch-normalization (BN) is indeed
highly dependent on the batch order (see section 3.2): Keeping only source data on the r
replica leads to a degraded performance. This is expected as updatesds of the BN
layers are calculated purely over the source data, while the evaluation is on target data w
a highly different distribution. Moving all target data to the front of the batch solves this
and results in more than 13% improvement compared to the previous setup. A random bat
order is surprisingly competitive but worse than the target rst setup. This is because a rat
dom order does not avoid extreme constellations such as only source data on a replica.
nally evaluate our proposed smart batch layout (SBL): Compared to other batch layouts
SBL achieves the highest accuracy of 78.4%. We also show that it is necessary to keep sa
ples from the same class together: The SBL (random order) setup is similar to SBL in term
of the 50% split of source/target data per replica but uses randomly drawn source or targ
examples. This control experiment shows similar performance as the target rst setup ar
reinforces the need for the SBL setup as proposed in section 3.2.

Based on the BIS+SBL setup, we now also show the effectiveness of our proposed uncertai
based loss and ltering in Table 1. Simply adding the UFL loss already results in a 1.4%
improvement. To control for the standalone effect of UBF, we also evaluate SBL+UBF
which shows no signi cant improvement over SBL alone. However, combining UFL and
UFB into the Uncertainty-based Filtering and Feature Alignment (UFAL) leads to anothel
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A c D w
Method C D W A D W A c W A C o A
RTN [20] 881 955 052 037 942 969 038 846 0992 925 866000 934
Rahmanetal. [28] 89.1 96.6 957 936 934 952 947 847 994 948 8a60.0 93.6
ADACT [18] 927 965 950 943 930 937 949 887 99.0 942 90.3000 94.4
GTDA+LR [32] 915 987 942 954 987 898 952 89.0 993 952 90.400.0 94.8
RWA [31] 938 989 97.8 953 99.4 959 958 931 984 953 924 992 96.3
Rakshitetal. [29] 92.8 98.9 97.0 96.0 990 970 965 97.0 995 955 915 100.0 96.8
UFAL (ours) 951 994 997 960 968 997 958 950 99.7 963 950 99.4 97.3

Table 3: Classi cation accuracy (in %) for different methods on the Of ce-Caltech datas
with domains Amazon, Caltech, DSLR and Webcam.

Ar Cl Pr Rw

Method o P Rw A Pr Rw A O Rw Ao B Ve
CDANYE [21] 507 706 760 576 700 700 574 509 773 708 567 816  65¢
MDDA [34] 549 759 772 581 733 715 590 526 77.8 67.9 576 818 67.3
TADA [36] 531 723 772 591 712 721 597 531 784 724 60 829 67.6
SymNets [38] 477 729 785 642 713 742 642 488 795 745 526 827 67.
CDAN+TransNorm [35] 50.2 714 77.4 593 727 731 610 531 795 719 590 829 67.
CADA-P [16] 56.9 764 807 613 752 752 632 545 807 739 615 841 702
UFAL (ours) 585 754 778 652 747 750 649 580 799 716 623 8.0 704

Table 4: Classi cation accuracy (in %) for different methods on the Of ce-Home datas
with domains Art, Clipart, Product and Real-world.

2% improvement on top, beating all other evaluated setups. Additionally, we also control
the effect of the uncertain feature means (UFM) by not resampling fraort instead using

p for class assignments. This decreases the accuracy and shows the need for UFM —
feature means just encourage over tting. Overall, our proposed UFAL method reaches
best accuracy of 81.8%, improving the baseline by 23.5%.

Comparison to SOTA. We now compare our proposed method to recent state-of-th
art approaches. Results for the VisDA 2017 datasets are shown in Table 2 and reporte
average class accuracy, in accordance with the VisDA challenge evaluation metric. The
set labels were private up until recently due to being part of a challenge — prior resec
thus focused on the validation set. On this subset, UFAL surpasses recent methods
as SimNet [27], SAFN [37], DSBN [3] and even SE [4] — the winner of the VisDA 201’
challenge. While CAN [14] is slightly better on the validation set, this does not transfer
the real test set where UFAL leads with 88.8%. On the test set, UFAL also outperfor
SDAN [5], which uses an ensemble of four different network architectures and multiy
runs for domain adaptation. Given the current VisDA 2017 leaderboard, UFAL would ra
2"d place — only behind a 5 ResNet-152 ensemble with results averaged over 16 test tin
augmentation runs. However, this is not a fair comparison to our single ResNet-101 sett

Additionally, Table 3 compares UFAL to SOTA methods on the Of ce-Caltech datase
Again, we surpass recently proposed methods such as GTDA+LR [32] and RWA [31]. UF,
even outperforms the ensemble based algorithm of Ra&shlt[29] by 0.5%.

Finally, we also report results on the challenging Of ce-Home dataset in Table 4. Y
again, our proposed UFAL approach outperforms recent SOTA methods such as CAl
P [16], TADA [36] and SymNets [38]. Overall, our experiments show that UFAL can achie
state-of-the-art results on a wide variety of tasks and perform unsupervised domain ads
tion even in complex setups such as learning from synthetic, product or clipart images.

Visualizations. In Figure 4a, we show the number of target domain samples Itered k
UBF as training progresses. Expectedly, the amount of ltered samples starts at a high
centage due to the initial uncertainty that eventually declines as training converges. We |
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(a) Uncertainty-based Filtering (b) Feature visualization
Figure 4: (a): Percentage of target domain samples ltered by the UBF process as the ade
tation phase progresses. (b): t-SNE visualization of features extracted from the VisDA 201
target domain before the adaptation process (top) and after the adaptation process (botto
Best viewed in the digital version.

that the number of Itered samples that remain at the end of the adaptation phase correlat
with the nal accuracy of the considered datasets as well as their number of classes. This
also expected, because the dif culty of the transfer task and the number of classes incree
the uncertainty of any given prediction and thus the Itering process. For the VisDA 2017
dataset, the ltered percentage drops to almost 0% due to its distinguishable 12 classes, wt
the Itered percentage remains at ~17% for Of ce-Home's hardest transfer task (Pr-Cl) witt
65 classes.

Furthermore, we provide t-SNE visualizations for the VisDA 2017 validation set features
in Figure 4b. Evidently, the model has not learned discriminative target representations aft
the source domain training: Almost all features are densely packed into a single cluster. Aft
the adaptation process with UFAL, the features are separated into clearly distinct cluster
Due to UFAL's alignment properties, related classes are also kept close in featureespace (
car, truck and bus), therefore also providing a semantical interpretation. Further discussi
on these topics is provided in the supplementary material.

5 Conclusion

In this paper, we explore the usage of a model's predictive uncertainty for unsupervised d
main adaptation. Our proposed Uncertainty-based Filtering and Feature Alignment (UFAL
method exploits uncertainty for ltering of training data and alignment of features in Eu-
clidean space. Additionally, we extend the concept of ghost batch-normalization to UD/
tasks and uncover the importance of a smart batch layout for multi-GPU training. We eva
uate UFAL's ef cacy on three commonly used UDA benchmark datasets and achieve state
of-the art results even when compared to strong baselines. Our code will be made availal
to the community for reproduction of our results and to encourage further research.



