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Abstract

Unsupervised domain adaptation (DA) methods have fo-
cused on achieving maximal performance through align-
ing features from source and target domains without using
labeled data in the target domain. Whereas, in the real-
world scenario’s it might be feasible to get labels for a
small proportion of target data. In these scenarios, it is
important to select maximally-informative samples to label
and find an effective way to combine them with the exist-
ing knowledge from source data. Towards achieving this,
we propose S3VAADA which i) introduces a novel submod-
ular criterion to select a maximally informative subset to la-
bel and ii) enhances a cluster-based DA procedure through
novel improvements to effectively utilize all the available
data for improving generalization on target. Our approach
consistently outperforms the competing state-of-the-art ap-
proaches on datasets with varying degrees of domain shifts.
The project page with additional details is available here:
https://sites.google.com/iisc.ac.in/s3vaada-iccv2021/.

1. Introduction

Deep Neural Networks have shown significant advances
in image classification tasks by utilizing large amounts
of labeled data. Despite their impressive performance,
these networks produce spurious predictions hence suffer
from performance degradation when used on images that
come from a different domain [26] (e.g., model trained on
synthetic data (source domain) being used on real-world
data (target domain)). Unsupervised Domain Adaptation
(DA) [9, 18, 5, 28, 14, 15] approaches aim to utilize the
labeled data from source domain along with the unlabeled
data from the target domain to improve the model’s general-
ization on the target domain. However, it has been observed
that the performance of Unsupervised DA models often falls
short in comparison to the supervised methods [37], which
leads to their reduced usage for performance critical appli-

*Equal Contribution

sumukhaithal6@gmail.com, venky@iisc.ac.in

Point Based Criterion Uncertainty

Low

Set Based Criterion

High

- -~ Selected Samples [ Target

----------- Classifier Boundary ¢<Z->»

for Labeling <A Samples

Figure 1. We pose sample selection for labeling in Active Domain
Adaptation as an informative subset selection problem. We pro-
pose an information criterion to provide score for each subset of
samples for labeling. Prior works (See t-SNE for AADA [35] in
Sec. 1 of supplementary material) which use a point-based cri-
terion (i.e. score each sample independently) to select samples
suffer from redundancy. As our set-based criterion is aware of the
other samples in the set, it avoids redundancy and selects diverse
samples.

cations. In such cases, it might be possible to label some of
the target data to improve the performance of the model.

In such a case, the dilemma is, “Which samples from
the target dataset should be selected for labeling?”. Ac-
tive Learning (AL) [7, 32] approaches aim to provide tech-
niques to select the maximally informative set for labeling,
which is then used for training the model. However, these
approaches do not effectively use the unlabeled data and la-
beled data present in various domains. This objective con-
trasts with Unsupervised DA objective that aims to use the
unlabeled target data effectively. In practice, it has been
found that just naively using AL and fine-tuning offers sub-
optimal performance in presence of domain shift [35].

Another question that follows sample selection (or sam-
pling) is, “How to effectively use all the data available
to improve model performance?”. Unsupervised DA ap-
proaches based on the idea of learning invariant features for
both the source and target domain have been known to be in-
effective in increasing performance when additional labeled
data is present in target domain [27]. Semi-Supervised DA
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Figure 2. Overview of Submodular Subset Selection for Virtual Adversarial Active Adaptation (S*VAADA). Step 1: We select a subset of
samples which are uncertain (i.e., prediction can change with small perturbation), diverse and representative in feature space (see Fig. 3
for details). Step 2: The labeled samples and the unlabeled samples are used by proposed VAADA adaptation procedure to obtain the final
model. The above two steps are iteratively followed selecting B samples in each cycle, till the annotation budget is exhausted.

(SSDA) [27, 17] methods have been developed to mitigate
the above issue, but we find their performance plateau’s as
additional data is added (Sec. 5.4). This is likely due to the
assumption in SSDA of only having a small amount of la-
beled data per-class (i.e., few shot) in target domain which
is restrictive.

The Active Domain Adaptation (Active DA) paradigm
introduced by Rai et al. [25] aims to first effectively se-
lect the informative-samples, which are then used by a
complementary DA procedure for improving model per-
formance on target domain. The state-of-the-art work
of AADA [35] aim to select samples with high value of
Diarget(€)/Dsource(x) from domain discriminator, multi-
plied by the entropy of classifier which is used by DANN [9]
for adaptation. As the AADA criterion is a point-estimate,
it is unaware of other selected samples; hence the samples
selected can be redundant, as shown in Fig. 1.

In this work, we introduce Submodular Subset Selec-
tion for Virtual Adversarial Active Domain Adaptation
(S?VAADA) which proposes a set-based informative crite-
rion that provides scores for each of the subset of samples
rather than a point-based estimate for each sample. As the
information criteria is aware of other samples in the sub-
set, it tends to avoid redundancy. Hence, it is able to select
diverse and uncertain samples (shown in Fig. 1). Our sub-
set criterion is based on the cluster assumption, which has
shown to be widely effective in DA [8, 16]. The subset
criterion is composed of a novel uncertainty score (Virtual
Adversarial Pairwise (VAP)) which is based on the idea of
the sensitivity of model to small adversarial perturbations.
This is combined with a distance based metrics such that
the criterion is submodular (defined in Sec. 3.1). The sub-
modularity of the criterion allows usage of an efficient al-
gorithm [20] to obtain the optimal subset of samples. After

obtaining the labeled data, we use a cluster based domain
adaption scheme based on VADA [33]. Although VADA,
when naively used is not able to effectively make use of the
additional target labeled data [29], we mitigate this via two
modifications (Sec. 4.2) which form our Virtual Active Ad-
versarial Domain Adaptation (VAADA) procedure.

In summary, our contributions are:

e We propose a novel set-based information criterion
which is aware of other samples in the set and aims
to select uncertain, diverse and representative samples.

» For effective utilization of the selected samples, we
propose a complementary DA procedure of VAADA
which enhances VADA'’s suitability for active DA.

e Our method demonstrates state-of-the-art active DA
results on diverse domain adaptation benchmarks of
Office-31, Office-Home and VisDA-18.

2. Related Work

Domain Adaptation: One of the central ideas in DA
is minimizing the discrepancy in two domains by aligning
them in feature space. DANN [9] achieves this by using
domain classifier which is trained through an adversarial
min-max objective to align the features of source and target
domain. MCD [29] tries to minimize the discrepancy by
making use of two classifiers trained in an adversarial
fashion for aligning the features in two domains. The idea
of semi-supervised domain adaptation by using a fraction
of labeled data is also introduced in MME [27] approach,
which induces the feature invariance by a MinMax Entropy
objective.  Another set of approaches uses the cluster
assumption to cluster the samples of the target domain and
source domain. In our work, we use ideas from VADA
(Virtual Adversarial Domain Adaptation) [33] to enforce
cluster assumption.
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Active Learning (AL): The traditional AL methods are
iterative schemes which obtain labels (from oracle or
experts) for a set of informative data samples. The newly
labeled samples are then added to the pool of existing
labeled data and the model is trained again on the labeled
data. The proposed techniques can be divided into two
classes: 1) Uncertainty Based Methods: In this case,
model uncertainty about a particular sample is measured
by specific criterion like entropy [40] etc. 2) Diversity
or Coverage Based Methods: These methods focus
on selecting a diverse set of points to label in order to
improve the overall performance of the model. One of
the popular methods, in this case, is Core-Set [30] which
selects samples to maximize the coverage in feature space.
However, recent approaches like BADGE [!] which use a
combination of uncertainty and diversity, achieve state-of-
the-art performance. A few task-agnostic active learning
methods [34, 42] have also been proposed.

Active Domain Adaptation: The first attempt for ac-
tive domain adaptation was made by Rai et al. [25], who
use linear classifier based criteria to select samples to label
for sentiment analysis. Chattopadhyay et al. [4] proposed
a method to perform domain adaptation and active learning
by solving a single convex optimization problem. AADA
(Active Adversarial Domain Adaptation) [35] for image
based DA is a method which proposes a hybrid informa-
tiveness criterion based on the output of classifier and
domain discriminator used in DANN. The criterion used in
AADA for selecting a batch used is a point estimate, which
might lead to redundant sample selection. We introduce
a set-based informativeness criterion to select samples to
be labeled. CLUE [24] is a recent concurrent work which
selects samples through uncertainty-weighted clustering
for Active DA.

3. Background
3.1. Definitions and Notations

Definitions: We first define a set function f(S) for
which input is a set S. A submodular function is a set func-
tion f : 292 s R, where 2 is the power set of set {2 which
contains all elements. The submodular functions are char-
acterized by the property of diminishing returns i.e., addi-
tion of a new element to smaller set must produce a larger
increase in f in comparison to addition to a larger set. This
is mathematically stated as for every S1,S2 C () having
S1 C Ss then for every z € Q\S, the following property
holds:

f(S1U{z}) = f(S1) > f(S2U{x}) = f(S2) (D)

This property is known as the diminishing returns property.
Notations Used: In the subsequent sections we use hy(x)

as softmax output of the classifier, hg(x) is a composition
of fp o go(x) where, go(x) is the function that maps input
to embedding and fy does final classification. The domain
discriminator is a network Dy (ge(x)) which classifies the
sample into source and target domain which adversarially
aligns the domains. We use D for combined data from both
domains and use symbols of D and D; for labeled data
from source and target domain respectively. D,, denotes the
unlabeled target data. In active DA, we define budget B as
number of target samples selected from D,, and added to D;
in each cycle.

Active Domain Adaptation: In each cycle, we first per-
form DA using D, and D, as the source and D,, as the tar-
get. Active Learning techniques are then utilized to select
B most informative samples from D,, which is then added
to D;. This is performed for C cycles.

3.2. Cluster Assumption

Cluster assumption states that the decision boundaries
should not lie in high density regions of data samples, which
is a prime motivation for our approach. For enforcing clus-
ter assumption we make use of two additional objectives
from VADA [33] method. The first objective is the mini-
mization of conditional entropy on the unlabeled target data
D, . This is enforced by using the following loss function:

L(0;D,) = —Epp, [ho(x)T In ho(x)] )

The above objective ensures the formation of clusters of tar-
get samples, as it enforces high-confidence for classification
on target data. However due to large capacity of neural net-
works, the classification function learnt can be locally non
Lipschitz which can allow for large change in function value
with small change in input. This leads to unreliable esti-
mates of the conditional entropy loss L.. For enforcing the
local Lipschitzness we use the second objective, which was
originally proposed in Virtual Adversarial Training (VAT)
[19]. It ensures smoothness in the ¢ norm ball enclosing the
samples. The VAT objective is given below:

L,U(G; D) = ExND[ |In|a§eDKL(h0 (.13)”]19 (.T + 7’))] (3)

lIrl

4. Proposed Method

In Active Domain Adaptation, there are two distinct
steps i.e., sample selection (i.e. sampling) followed by Do-
main Adaptation which we describe below:

4.1. Submodular Subset Selection
4.1.1 Virtual Adversarial Pairwise (VAP) Score

In our model architecture, we only use a linear classifier and
a softmax over domain invariant features fy(x) for classifi-
cation. Due to the linear nature, we draw inspiration from
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Figure 3. Our sampling technique incorporates uncertainty, diversity and representativeness. Just using uncertainty can lead to redundant

between selected samples may lead to

selection of outliers. Our sampling technique avoids outliers by selecting uncertain samples which are representative of the clusters.

SVM (Support Vector Machines) based AL methods which
demonstrate that the samples near the boundary are likely to
be support vectors, hence are more informative than other
samples. There is also the theoretical justification behind
choosing samples which are near the boundary in case of
SVMs [36]. Hence we also aim to find the vectors which
are near to the boundary by adversarially perturbing each
sample x. We use the following objective to create pertur-
bation:
‘mﬁiDKL(he (z)||he(x + 7)) 4)
Power Method [10] is used for finding the adversarial
perturbation 7; which involves initialization of random vec-
tor. As we aim to find vectors which are near the decision
boundary, there can be cases where a particular sample may
lie close to multiple decision boundaries as we operate in
the setting of multi-class classification. Hence we create
the perturbation r; for N number of random initializations.
This is done to select samples which can be easily perturbed
to a diverse set of classes and also increase the reliability
of the uncertainty estimate. We use the mean pairwise KL
divergence score of probability distribution as a metric for
measuring the uncertainty of sample. This is defined as Vir-
tual Adversarial Pairwise (VAP) score given formally as:

N
VAP(z) = % <ZDKL(h9(I)|h9(:U +77))
i=1
N N o)
+Z Z DKL(hg(J}-i-T‘i”hg(x-‘rT‘j)))

i=1 j=1,i%j

The first term corresponds to divergence between perturbed
input and the original sample x, the second term corre-
sponds to diversity in the output of different perturbations.
The approach is pictorially depicted on the right side in Fig.
2. For VAP score to be meaningful we assume that cluster

assumption holds and the function is smooth, which makes
VAADA a complementary DA approach to our method.

4.1.2 Diversity Score

Just using VAP score for sampling can suffer from the issue
of multiple similar samples being selected from the same
cluster. For selecting the diverse samples in our set S we
propose to use the following diversity score for sample x;
which is not present in S.

d(S, ;) = minD(z, z;) (6)
zeS
where D is a function of divergence. In our case we use the
KL Divergence function:

D(zj,2;) = Dir(ho(x;)||he(w:)) @)

4.1.3 Representativeness Score

The combination of above two scores can ensure that the
diverse and uncertain samples are selected. But this could
still lead to selection of outliers as they can also be uncertain
and diversely placed in feature space. For mitigating this we
use a term based on facility location problem [41] which
ensures that selected samples are placed such that they are
representative of unlabeled set. The score is mathematically
defined as:

R(S,xz;) = max(0, Sg; — max S, ®)
(S, 2i) m%:) ( max i)

The s;; corresponds to the similarity between sample
x; and x;. We use the similarity function —In(1 —
BC'(hg(x;), ho(x;)) where BC(p,q) is the Bhattacharya
coefficient [2] defined as ), /Prqx for probability distri-
butions p and q.
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4.1.4 Combining the Three Score Functions

We define the set function f(.S) by defining the gain as a
convex combination of VAP(x;) , d(S, x;) and R(S, ;).

F(SU{z;}) — f(S) = aVAP(x;) + Bd(S, z;)

+ (1 —a—pB)R(S,z;) ©

Here 0 < o, 8, + 8 < 1 are hyperparameters which
control relative strength of uncertainty, diversity and repre-
sentativeness terms. We normalize the three scores before
combining them through Eq. 9.

Lemma 1: The set function f(.S) defined by Eq. 9 is sub-
modular.

Lemma 2: The set function f(S) defined by Eq. 9 is a non
decreasing, monotone function.

We provide proof of the above lemmas in Sec. 2 of sup-
plementary material. Overview of the overall sampling ap-
proach is present in Fig. 3.

4.1.5 Submodular Optimization

As we have shown in the previous section that the set func-
tion f(.5) is submodular, we aim to select the set S satisfy-
ing the following objective:

maz_f(S) (10)

S:|S|=B

For obtaining the set of samples S to be selected, we use
the greedy optimization procedure. We start with an empty
set S and add each item iteratively. For selecting each of
the sample (z;) in the unlabeled set, we calculate the gain
of each the sample f(S U {z;}) — f(S). The sample with
the highest gain is then added to set S. The above iterations
are done till we have exhausted our labeling budget B. The
performance guarantee of the greedy algorithm is given by
the following result:

Theorem 1: Let S* be the optimal set that maximizes the
objective in Eq. 10 then the solution S found by the greedy
algorithm has the following guarantee (See Supp. Sec. 2):

182 (1-1) 7657 (in
Insight for Diversity Component: The optimization al-
gorithm with @« = 0 and f = 1 degenerates to greedy
version of diversity based Core-Set [31] (i.e., K-Center
Greedy) sampling. Diversity functions based on similar
ideas have also been explored for different applications in
[12, 3]. Further details are provided in the Sec. 3 of supple-
mentary material.

4.2. Virtual Adversarial Active Domain Adaptation

Discriminator-alignment based Unsupervised DA meth-
ods fail to effectively utilize the additional labeled data

present in target domain [29]. This creates a need for mod-
ifications to existing methods which enable them to effec-
tively use the additional labeled target data, and improve
generalization on target data. In this work we introduce
VAADA (Virtual Adversarial Active Domain Adaptation)
which enhances VADA through modification which allow
it to effectively use the labeled target data.

We have given our subset selection procedure to select
samples to label (i.e., D;) in Algo. | and in Fig. 2. For
aligning the features of labeled (D;UD;) with D,,, we make
use of domain adversarial training (DANN) loss functions
given below:

Ly(0;Ds, D) = Euyy(p.upy [y’ Inhe(z)]  (12)

Ld(GJIstDtvDu) = sup Ezvp,up, [ln D¢(f0(33))]
Dy (13)
+ Eznp, [In(1 = Dy (fo(x)))]

As our sampling technique is based on cluster assumption,
for enforcing it we add the Conditional Entropy Loss de-
fined in Eq. 2. Additionally, for enforcing Lipschitz conti-
nuity by Virtual Adversarial Training, we use the loss de-
fined in Eq. 3. The final loss is obtained as:

L(G, DS7Dt7DU) = Ly(aa DS7Dt) +
)\de(e; Dsa Dt> Du) + /\va (ea Ds U Dt) + (14)
)\t(Lv(6‘§Du) + LC(Q,DU))

The A-values used are the same for all our experiments
and are mentioned in the Sec. 5 of supplementary material.

Differences between VADA and VAADA: We make
certain important changes to VADA listed below, which en-
ables VADA [33] to effectively utilize the additional super-
vision of labeled target data and for VAADA procedure:
1) High Learning Rate for All Layers: In VAADA, we
use the same learning rate for all layers. In a plethora of DA
methods [29, 18] a lower learning rate for initial layers is
used to achieve the best performance. We find that although
this practice helps for Unsupervised DA it hurts the Active
DA performance (experimentally shown in Sec. 5 of sup-
plementary material).
2) Using Gradient Clipping in place of Exponential
Moving Average (EMA): We use gradient clipping for all
network weights to stabilize training whereas VADA uses
EMA for the same. We find that clipping makes training
of VAADA stable in comparison to VADA and achieves a
significant performance increase over VADA.

We find VAADA is able to work robustly across diverse
datasets. It has been shown in [29] that VADA, when used
out of the box, is unable to get gains in performance when
used in setting where target labels are also available for
training. This also agrees with our observation that VAADA
significantly outperforms VADA in Active DA scenario’s
(demonstrated in Fig. 10, with additional analysis in Sec. 5
of supplementary material).
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Algorithm 1: S’VAADA: Submodular Subset Se-
lection for Virtual Adversarial Active Domain
Adaptation

Require: Labeled source D,; Unlabeled target D,,;
Labeled target D;; Budget per cycle B; Cycles C;
Model with parameters 0; Parameters «,

Ensure: Updated model parameters with improved
generalization ability on target domain

1: Train the model according to Eq. 14

2: for cycle +— 1 to C do

3 S0

4:  foriter + 1to B do

5 x* = argmazx f(SU{x}) — f(S)

€D, \S
6: S+ Su {x*}
7. end for
8:  Get ground truth labels g for samples in .S from
oracle

9: Dy <+ Dy U (S, ls)

10: Dy + D, \ S

11:  Train the model according to Eq. 14
12: end for

5. Experiments
5.1. Datasets

We perform experiments across multiple source and tar-
get domain pairs belonging to 3 diverse datasets, namely
Office-31 [26], Office-Home [39], and VisDA-18 [23]. We
have specifically not chosen any DA task using real world
domain as in those cases the performance maybe higher due
to ImageNet initialization not due to adaptation techniques.
In Office-31 dataset, we evaluate the performance of var-
ious sampling techniques on DSLR — Amazon and Web-
cam — Amazon, having 31 classes. The Office-Home con-
sists of 65 classes and has 4 different domains belonging
to Art, Clipart, Product and Real World. We perform the
active domain adaptation on Art — Clipart, Art — Prod-
uct and Product — Clipart. VisDA-18 image classification
dataset consists of two domains (synthetic and real) with 12
classes in each domain.

5.2. Experimental Setup

Following the common practice in AL literature, we first
split the target dataset into train set and validation set with
80% data being used for training and 20% for validation. In
all the experiments, we set budget size B as 2% of the num-
ber of images in the target training set, and we perform five
cycles (C' = 5) of sampling in total. At the end of all cycles,
10% of the labeled target data will be used for training the
model. This setting is chosen considering the practicality
of having a small budget of labeling in the target domain
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Figure 4. Active DA target accuracy on two adaptation tasks

from Office-31 dataset. S®VAADA consistently outperforms
BADGE [ 1], AADA [35] and SSDA (MME" [27]) techniques.

and having access to unlabeled data from the target domain.
We use ResNet-50 [11] as the feature extractor gg, which
is initialized with weights pretrained on ImageNet. We use
SGD Optimizer with a learning rate of 0.01 and momentum
(0.9) for VAADA training. For the DANN experiments, we
follow the same architecture and training procedure as de-
scribed in [18]. In all experiments, we set « as 0.5 and 3 as
0.3. We use PyTorch [21] with automatic mixed-precision
training for our implementation. Further experimental de-
tails are described in the Sec. 6 of supplementary material.
We report the mean and standard error of the accuracy of
the 3 runs with different random seeds.

In AADA [35] implementation, the authors have used
a different architecture and learning schedule for DANN
which makes comparison of increase in performance due
to Active DA, over unsupervised DA intricate. In contrast
we use ResNet-50 architecture and learning rate schedule of
DANN used in many works [ 18, 6]. We first train DANN to
reach optimal performance on Unsupervised Domain Adap-
tation and then start the active DA process. This is done
as the practical utility of Active DA is the performance in-
crease over Unsupervised DA.

5.3. Baselines

It has been shown by Su et al. [35] that for active DA per-
forming adversarial adaptation through DANN, with adding
newly labeled target data into source pool works better than
fine-tuning. Hence, we use DANN for all the AL baselines
described below:

1. AADA (Importance weighted sampling) [35]: This
state-of-the-art active DA method incorporates uncer-
tainty by calculating entropy and incorporates diversity
by using the output of the discriminator.

2. BvSB (Best vs Second Best a.k.a. margin) [13]: It uses
the difference between the probabilities of the highest
and second-highest class prediction as the the metric
of uncertainty, on which low value indicates high un-
certainty.
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two difficult adaptation tasks of Art — Clipart (left) and Product — Clipart (middle) .

VisDA-18: Synthetic —» Real

N
©

[¢)]

w

N

—e— AADA —e— BADGE
—e— Random —e— BVSB

Coreset S3VAADA
(Ours)

o] 88 176 264 352 440
Number of Labeled Samples

Figure 6. Active DA Results on VisDA-18 dataset.

Target Accuracy (in %)
g\ o 51 NN

3. BADGE [!]: BADGE incorporates uncertainty and
diversity by using the gradient embedding on which
k-MEANS++ [38] algorithm is used to select diverse
samples. BADGE method is currently one of the state-
of-the-art methods for AL.

4. K-Center (Core-Set) [30]: Core-Set selects samples
such that the area of coverage is maximized. We use
greedy version of Core-Set on the feature space (gp).
It is a diversity-based sampling technique.

5. Random: Samples are selected randomly from the
pool of unlabeled target data.

Semi-Supervised DA: We compare our method against re-
cent method of MME* [27] with ResNet-50 backbone on
Office datasets, using the author’s implementation'. In each
cycle target samples are randomly selected, labeled and pro-
vided to the MME* method for DA.

5.4. Results

Fig. 4 shows the results on Office-31 dataset, SVAADA
outperforms all other techniques. On Webcam — Amazon

Uhttps://github.com/VisionLearningGroup/SSDA_MME

shift, it shows significant improvement of 9% in the tar-
get accuracy with just 45 labeled samples. S?VAADA gets
81.8% accuracy in the last cycle which is around 15% more
than the unsupervised DA performance, by using just 10%
of the labeled data. On DSLR — Amazon shift, VAADA
follows a similar trend and performs better than all other
sampling techniques. On Office-Home dataset on the harder
domain shifts of Art — Clipart and Product — Clipart,
S3VAADA produces a significant increase of 3%-5% and
2%-6% respectively across cycles, in comparison to other
methods (Fig. 5). On the easier Art — Product shift, our
results are comparable to other methods.

Large Datasets: On the VisDA-18 dataset, where the
AADA method is shown to be ineffective [35] due to a se-
vere domain shift. Our method (Fig. 6) is able to achieve
significant increase of around 7% averaged across all cy-
cles, even in this challenging scenario. For demonstrating
the scalability of our method to DomainNet [22], we also
provide the results of one adaptation scenario in Sec. 10 of
supplementary material.

Semi-Supervised DA: From Figs. 4 and 5 it is observed
that performance of MME* saturates as more labeled data
is added, in contrast, SSVAADA continues to improve as
more target labeled data is added.

6. Analysis of S’VAADA

Visualization: Fig. 7 shows the analysis of samples se-
lected for uncertainty U, diversity D and representativeness
R criterion, which depicts the complementary preferences
of the three criterion.

Sensitivity to o and (3 : Fig. 8 shows experiments for prob-
ing the effectiveness of each component (i.e., uncertainty,
diversity and representativeness) in the information criteria.
We find that just using Uncertainty (« = 1) and Diversity
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Figure 9. Ablation on sampling methods on different domain
shifts. In both cases, we train the sampling techniques via
VAADA. Our method (S?VAADA) consistently outperforms all
other sampling methods.

(8 = 1) provide reasonable results when used individually.
However, the individual performance remain sub-par with
the hybrid combination (i.e., « = 0.5, 3 = 0.3). We use
value of @« = 0.5 and 8 = 0.3 across all our experiments,
hence our sampling does not require parameter-tuning spe-
cific to each dataset.

Comparison of Sampling Methods: For comparing the
different sampling procedures we fix the adaptation tech-
nique to VAADA and use different sampling techniques.
Fig. 9 shows that our sampling method outperforms others
in both cases. In general we find that hybrid approaches i.e.,
Ours and BADGE perform robustly across domain shifts.

Comparison of VAADA: Fig. 10 shows performance of
VAADA, DANN and VADA when used as adaptation pro-
cedure for two sampling techniques. We find that a signifi-
cant improvement occurs for all the sampling techniques in
each cycle for VAADA comparison to DANN and VADA.
The > 5% improvement in each cycle, shows the impor-
tance of proposed improvements in VAADA over VADA.

We provide additional analysis on convergence, budget
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Figure 10. Comparison of different DA methods for Active DA on
Webcam — Amazon.

size and hyper parameters in the Sec. 4 of supplementary
material. Across our analysis we find that SVAADA works
robustly in different DA scenario.

7. Conclusion

We formulate the sample selection in Active DA as
optimal informative subset selection problem, for which we
propose a novel submodular information criteria. The infor-
mation criteria takes into account the uncertainty, diversity
and representativeness of the subset. The most informative
subset obtained through submodular optimization is then
labeled and used by the proposed adaptation procedure
VAADA. We find that the optimization changes introduced
for VAADA significantly improve Active DA performance
across all sampling schemes. The above combination of
sampling and adaptation procedure constitutes S’ VAADA,
which consistently provides improved results over existing
methods of Semi-Supervised DA and Active DA.
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