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Abstract

Deep active learning in the presence of outlier examples
poses a realistic yet challenging scenario. Acquiring unla-
beled data for annotation requires a delicate balance be-
tween avoiding outliers to conserve the annotation budget
and prioritizing useful inlier examples for effective train-
ing. In this work, we present an approach that leverages
three highly synergistic components, which are identified
as key ingredients: joint classifier training with inliers and
outliers, semi-supervised learning through pseudo-labeling,
and model ensembling. Our work demonstrates that en-
sembling significantly enhances the accuracy of pseudo-
labeling and improves the quality of data acquisition. By
enabling semi-supervision through the joint training pro-
cess, where outliers are properly handled, we observe a
substantial boost in classifier accuracy through the use of
all available unlabeled examples. Notably, we reveal that
the integration of joint training renders explicit outlier de-
tection unnecessary; a conventional component for acqui-
sition in prior work. The three key components align seam-
lessly with numerous existing approaches. Through empiri-
cal evaluations, we showcase that their combined use leads
to a performance increase. Remarkably, despite its sim-
plicity, our proposed approach outperforms all other meth-
ods in terms of performance. Code: https://github.
com/vladan-stojnic/active—outliers

1. Introduction

Deep learning achieves considerable results on a variety
of tasks but is data-hungry, while data annotation has a high
cost and is a tedious process. Using the annotation bud-
get wisely is important, which is the focus of active learn-
ing [37]. Given a small labeled and a large unlabeled set,
the goal is to acquire a subset of the latter to annotate via
a labeling oracle. The acquisition function is responsible
for selecting examples that will benefit the classifier train-
ing the most compared to the given labeled set. Acquisition,
annotation, and model training are three steps that are typi-

supervised training &
pseudo-label prediction

sl ¥ ¥

uonisinboe @
Buluiesy pasiniadns-iwas

annotate & @
update the labeled set

DI:] inlier D outlier D unlabeled T -II— _II— T pseudo-labels

Figure 1. Overview of an active learning round with semi-
supervision. L¢, Uz, and A denote labeled, unlabeled, and ac-
quired sets at acquisition round ¢, respectively.

cally interleaved over a sequence of consecutive rounds.

Early research is solely focusing on unlabeled sets that
are outlier free, i.e. all examples come from the categories
of interest. Information-theoretic criteria [13, 43] per ex-
ample are often used to promote the most uncertain pre-
dictions for annotation, while other methods process all ex-
amples jointly and focus on diversity by pairwise compar-
isons [24] or large coverage [42]. Surprisingly, random se-
lection achieves good results [32,44] in deep active learn-
ing. This is pronounced even more with the use of semi-
supervision, which is deemed more important than the ac-
quisition itself.

However, the outlier-free setup is not realistic. Nev-
ertheless, the presence of outliers is a setup that has at-
tracted less attention. Avoiding outliers is essential so as
not to waste the annotation budget. Therefore, existing
work [9,24,34,35] explicitly or implicitly performs outlier
detection and filtering. Our proposed framework option-
ally includes outlier filtering, but we question its necessity
and investigate the conditions under which it may be useful.
Additionally, standard acquisition functions are previously
shown to fail [9, 24, 34, 35], but we discover that simple in-
gredients are missing to make them competitive.
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Acquiring outliers together with inliers is unavoidable,
especially when their presence is extensive. Therefore, we
opt to take advantage of them by training a joint classifier
for the inlier classes and the outlier class. The joint classifier
obtains increased inlier-class accuracy after each acquisi-
tion round and improved ability to perform acquisition. De-
spite the fact that the joint training enables outlier detection
and filtering, we show that, given an appropriate acquisition
function, outlier filtering may not be necessary. The per-
formance gap between the use of filtering and no filtering
decreases for better acquisition functions. The joint clas-
sifier has an additional benefit. It provides pseudo-labels
for both types of examples allowing us to exploit semi-
supervision and benefit by the unlabeled set which is in-
herently available according to the active learning task def-
inition. Finally, we rely on the power of ensembles to im-
prove pseudo-labeling and to equip the acquisition with a
measure of statistical dispersion. We do not use ensembles
during testing, a choice that does not compromise the test-
time complexity. An overview of the proposed approach is
shown in Figure 1.

In summary, the proposed method consists of several
components whose synergy is a key ingredient in surpass-
ing all existing methods, while some of these components
are applied for the first time to this specific setup. Our find-
ings are also useful in combination with other approaches
and are expected to be useful for future approaches. We
perform experiments for a varying amount of outliers on
benchmarks created from ImageNet, CIFAR100, and Tiny-
ImageNet datasets. The contributions on active learning of
this work are summarized as follows:

* We demonstrate the effectiveness of joint training with
inliers and outliers, enabling the use of standard acqui-
sition functions that were previously deemed ineffec-
tive in the presence of outliers.

* We introduce the use of semi-supervision as a key
ingredient for achieving high performance, which is
the first application of this technique in the context of
outlier-inclusive scenarios.

* Qur approach incorporates ensembles during training
only, resulting in a significant performance boost with-
out compromising test-time complexity.

e The key components of this work are theoretically
compatible with existing approaches; the practical per-
formance benefits of their combination are empirically
demonstrated in our experiments.

* We conduct an extensive evaluation across a wide
range of outlier percentages, from 0% to 90%, using
non-tiny resolution images. Furthermore, we commit
to sharing our code and experimental protocol pub-
licly, aiming to enhance consistency in experimental
setups across future studies.

2. Related work

We review the related work on different setups of ac-
tive learning, on the related task of semi-supervised learn-
ing with outliers, and on outlier detection in an open-world
setting.

2.1. Active learning

Acquisition in outlier-free active learning: The two
main families of scoring function are uncertainty-based
and diversity-based. Uncertain examples are assumed in-
formative, while uncertainty is measured in different ways,
such as entropy [43], confidence [49], margin [I1, 38],
or mutual information between model parameters and
model predictions [13]. Improved uncertainty prediction
is obtained through model ensembles [2] or multiple input
augmentations [20]. Other definitions of uncertainty use
prediction inconsistency over input augmentations [14] or
feature perturbations [36]. The second family includes
methods that use the diversity of examples in the acquired
set. CoreSet [42] and Cluster-Margin [7] select diverse
examples that well approximate the whole unlabeled
set, while other works [1, 8] combine both notions of
diversity and uncertainty. Hacohen et al. [17] propose
to annotate diverse but certain examples in low-budget
regimes but diverse and uncertain examples in the high-
budget regime. All these methods are developed for and
evaluated in outlier-free setups but are known to fail
with outliers [9, 24]. In this work, we show under which
conditions such approaches become effective again.

Unlabeled examples in active learning: Recent
work [14, 30,32, 44, 46] demonstrates that the way unla-
beled examples are used in learning is much more important
than the selection process itself. This is the case for semi-
supervision [32, 44] and for self-supervision in the pre-
training stage [44]. Different selection strategies make little
or no difference in these setups, with random selection re-
maining a good enough choice, whose performance is often
under-reported in the fully supervised setup [33]. Improper
classifier and hyperparameter tuning lead to unfair method
comparisons, requiring proper benchmarking [30, 33]. The
aforementioned semi-supervised methods are not directly
applicable to our setup due to the presence of outliers, which
is one of the issues we handle in our work. Other examples
include the popular consistency criterion [3,48] that is used
to perform the acquisition by Gao et al. [15], acquisition via
classifiers trained to distinguish between labeled and unla-
beled examples [23, 45], and synthesizing examples with
GANSs [10].

Outliers in active learning are inherently present in
real-world cases. Two recent methods, namely CCAL [9]
and SIMILAR [24], propose to counterbalance informative-
ness and diversity with inlier confidence. CCAL [9] uses
self-supervision in an innovative way to improve acquisition
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but discards it for classifier training, while we show that it is
very beneficial for improving classification accuracy. SIMI-
LAR is the top-performing competitor, whose acquisition is
elegant and principled but suffers from low scalability due
to the costly optimization of each round. LfOSA [34] filters
out unlabelled examples based on outlier-class confidence
and then performs the selection based on the maximum
confidence. MQNet [35] presents acquisition as a purity-
informativeness dilemma, meaning that a good acquisition
function should balance purity, i.e. the proportion of inlier
samples in the acquired set, and informativeness. To con-
struct such a function, they train an MLP on top of standard
measures from the literature. Assuming an unknown out-
lier percentage, these approaches should also work in the
outlier-free setup. Nevertheless, we compare and show that
this is not always the case. Our method is simpler and scal-
able, demonstrates synergy with existing scoring functions,
and enjoys the benefits of semi-supervision, which is a key
ingredient for boosting performance.

2.2. Outliers in semi-supervised learning

Similarly to active learning with outliers, the goal is to
minimize outlier influence, and all methods rely on differ-
ent kinds of outlier detectors. MTC [52], D3SL [16], and
UASD [6] rely on the Otsu threshold, SSL, and ensemb]es,
respectively, to improve detection. RETRIEVE [22] addi-
tionally proposes sub-modular functions to select a subset
of good coverage. OpenMatch [40] uses one one-vs-all out-
lier detector per inlier class to overcome the lack of labeled
outliers, which is a major difference from our setup, where
an increasing amount of labeled outliers becomes available
over consecutive rounds.

2.3. Outlier detection

Outlier detection or anomaly detection [21,41,47,51]
is a relevant task that aims to solve a binary classification
problem of correctly detecting outlier examples. Post-hoc
outlier detection methods propose a scoring mechanism on
top of an already trained feature backbone [28] to detect
outlier examples. Some scoring measures include distance
in the feature space [28], pseudo-label confidence [29], or
entropy [21]. Other approaches [4, 19,27,31,41,47] adjust
the training to maximize the test-time separability of inliers
and outliers. The main challenge is the unavailability of
outliers during training. This is based on the assumption
that outliers can come from any distribution in an open-set
setup, and thus the objective is to learn an unbiased detec-
tor. This is not true in our active learning setup, where we
have access to both unlabeled and labeled outliers; the latter
typically become available after the first acquisition round.

3. Method

We define the task of active learning with multiple ac-
quisition rounds and present the proposed approach.

3.1. Task formulation

We consider active learning for the classification of ob-
ject categories C, with K = |C|. We consider an addi-
tional class, called outlier class C,, meant for examples
that are not from inlier classes C. Examples from C' and
C, are called inliers and outliers, respectively. Initially, we
are given a labeled set Ly and an unlabeled set Uj, which
consist of inliers only, and both inliers and outliers, re-
spectively. Active learning consists of sequential rounds
that include the acquisition of a subset of the unlabeled
set and the annotation of the acquired subset. The acqui-
sition should satisfy two objectives that are challenging to
balance. Firstly, acquired sets should be as outlier-free as
possible. Secondly, the newly acquired and annotated ex-
amples should contribute the most to improving the K-way
classifier compared to the current labeled set.

At round ¢, the acquisition process makes use of the
available examples in L; and U, to select set A; C U; whose
labels are assigned by an annotation oracle. Acquired set
A may include outliers too, which are labeled by class C,,.
Then, the two sets are updated, i.e. L;11 = Ly U Ay and
Uty1 = Ui\ As. The size of A, is fixed and equal to the an-
notation budget per round B = |A;|, which is a parameter
of the task.

3.2. Overview

We start by training a backbone network on all examples
in Lo U Uy by Self-Supervised Learning (SSL), which is
known to be beneficial for active learning [44]. At the be-
ginning of round ¢ for ¢ > 0, M deep network classifiers
are initialized by the result of SSL and trained for K + 1
classes with examples in L;. The independently trained
classifiers are ensembled to perform pseudo-labeling of Uy,
which are used to continue training the M classifiers in a
semi-supervised way on the union of L; and U;. Then,
the ensemble of classifiers, trained with semi-supervision,
is used to equip the acquisition process, which optionally
includes explicit outlier filtering along with a measure of
example uncertainty and/or diversity. Acquired examples
are finally annotated by a labeling oracle to obtain L, and
U¢+1. Round 0 is a special case that we discuss towards the
end of this section.

During test time we do not use any ensembles, which
are only used during internal processes to improve pseudo-
labeling and acquisition. The test accuracy is evaluated
with a single network which is the result of semi-supervised
learning. The overall process is summarized in Figure 2, de-
picting all stages of a single round.
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Figure 2. Overview of all active learning stages for the proposed approach during round ¢, for ¢ > 0. It includes independently training M
networks for K +1-way classification, acquisition, and annotation. Acquisition exploits the ensemble classifier predictions on the unlabeled
set and optionally includes outlier filtering. During round 0, SSL is employed to train the backbone, which is used as initialization for rounds
t > 0, and acquisition with random sampling is performed (not shown in the figure). Testing is performed for K-way classification on
inliers only with a single network; ensembles are only used for internal processes, i.e. pseudo-labeling and acquisition.

3.3. Training

The network classifier is a function f : X — RE+L,
where & is the space of all examples, and the output space
consists of all inlier classes and the outlier one. We con-
sider M different networks, and the predicted probability
distribution for example z € & at round ¢ by network
i € [1,...,M]is denoted by f;,(x). Network ensembling
is performed by averaging the M output probabilities and
is denoted by F;(z), and the probability of the j-th class is
given by F(x);. The different networks of the ensemble are
trained in the same way, but with a different seed. The seed
only affects dataset shuffling and the random augmentations
per image. We experimented with the most promising ap-
proaches from the work of Wortsman et al. [50] to enforce
network diversity but did not observe any improvements.

SSL pre-training: Before the first round, SSL is per-
formed by instance discrimination, where a positive pair
is formed by two different augmentations of the same
example, and a negative example is formed by simply
picking a different example. This step uses all examples in
Lo U Uy without any labels. SImCLR [5] is the method we
choose, following the work of Du et al. [9].

Supervised training: At the beginning of round ¢, each
of the M classifiers is trained by minimizing empirical loss

(L) = ﬁ S° 6 fi (1), y(@)), )

x€Ly

where y(z) € [1,..., K + 1] is the label of z, and £(-) is
the cross-entropy loss.

Semi-supervised training: We use the unlabeled exam-
ples, but only after we first train in a fully supervised
way with (1). Then, we generate pseudo-labels ¢;(z) =
arg max; Fy(z); for all examples in U;. Each pseudo-label
is assigned a weight according to the certainty of the pre-
diction given by

_ H(Fi()

log(K + 1)’
which is inversely proportional to the normalized entropy
and bounded in [0, 1], with entropy given by function H.
The role of normalization is to ensure that the range of val-
ues is comparable to the weights of labeled examples, which
we set equal to 1. We initialize M classifiers with the result
obtained by (1), but use both labeled and unlabeled exam-
ples with weighted loss terms given by

Lam(ToU) =5 3 wo(f (), 0n(e)), )
x€L UU,

2)

we(z) =

where §;(z) = y(x) and w(x) = 1 for the labeled ex-
amples, and N = |L;| 4 |U;|. We use f{ and F} for the
networks obtained with this semi-supervised way to differ-
entiate from the ones of the previous stage. To evaluate the
classification accuracy of round ¢, one of the M networks is
randomly picked and used.

Round 0: Before any acquisition, at round ¢ = 0, there
are no labeled outliers; therefore, training the K + 1-way
classifier is not possible. We simply perform random acqui-
sition at this stage. In summary, we train the backbone via
SSL and then perform random acquisition and annotation
that results in L; and U;.
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3.4. Acquisition

To acquire examples during round ¢, we exploit predic-
tion F}(z) for x € U, to assign acquisition value a;(x).
This value is composed of a measure of example uncer-
tainty or diversity, obtained via function a;(z), which is
optionally combined with outlier filtering via the ensem-
ble predictions. In particular, the final acquisition value
is a;(r) = a(x)1y,(x)2c, to include outlier filtering and
assign 0 value to examples predicted as outliers, or just
ar(x) = ai(x) without filtering. One of the standard
choices is to rely on the ensemble of classifiers, measure sta-
tistical dispersion among them, and choose examples with
large disagreement. In particular, we estimate the Variation-
Ratio (VR) [12] given by

o, i g (@) = gi@)}]
ar(z)=1-— i ,

“4)

where §;, = argmax; f;, (z); is the pseudo-label of the i-
th classifier. VR measures the proportion of pseudo-labels
from a single classifier that disagree with the pseudo-label
from the ensemble classifier. Examples with large disagree-
ment get assigned large scores. At the end, we sort exam-
ples in descending order based on a; () and acquire the first
B examples. Other candidate functions are entropy a;(z) =
H (Fy(x)), uniform random score generator a;(x) ~ Uy, 1],
CoreSet, maximum confidence a;(z) = 1 — max; Fi(z);,
and more. In our experiments, we identify cases where out-
lier filtering is needed or not, and where simple measures
become effective despite the presence of outliers.

4. Experiments

We discuss training details, datasets, experimental pro-
tocol, competing methods, and present the results.

Datasets and experimental setup: Most existing
methods do not share experimental setup details [9], release
source code [34], evaluate on a wide range of outlier ra-
tios [24], or evaluate on non-tiny resolution images [9, 24,

]. To address this, we use ImageNet ILSVRC2012 [39],
TinyImageNet [26], and CIFAR100 [25], to generate bench-
marks for active learning with outliers.

The amount of outlier examples in the initial unlabeled
set is quantified by the outlier ratio, i.e. the ratio of the num-
ber of outliers over the number of all examples. We consider
25 ImageNet classes that correspond to dog breeds as inlier
classes and examples from 700 different classes as outliers.
We use the training split to create Lo and Uy. In particular,
Ly is generated by 20 randomly chosen examples per inlier
class, and Uy by 500 randomly chosen examples per inlier
class and randomly chosen outlier examples so that the out-
lier ratio is equivalent to 0, 0.05, 0.2, 0.5, 0.8, 0.9 for six
different benchmarks. The outlier examples of a particular
outlier ratio are a subset of the outlier examples for a larger

outlier ratio. The test set is formed by all examples of in-
lier classes in the original validation split of ImageNet and
contains 1,250 examples in total. In a similar way, we gen-
erate benchmarks from TinyImageNet and CIFAR100. We
report average classification accuracy over 5 seeds defining
different selections for Lg, but always the same Uj.

Accuracy reported for round ¢ is with the classifier
trained after ¢ acquisition rounds, i.e. one for round O and
t — 1 for the follow-up rounds, but the acquisition of round ¢
is not included. As a reference comparison, we train classi-
fiers with (1) at t = 0 and report the achieved classification
accuracy. We report the acquisition inlier rate, which is the
percentage of inliers among the acquired set per round, de-
fined for round O with random acquisition and for all other
rounds except the last one, where testing is performed be-
fore acquisition. The annotation budget is B = 500 for
ImageNet and B = 100 for TinyImageNet and CIFAR100.
We use ResNetl8 [18] as the backbone. Details regarding
CIFAR100 and TinyImageNet benchmarks, detailed report-
ing of average performance and standard deviation in table
format for our main experiments, and additional implemen-
tation details can be found in the supplementary material.
Additionally, we evaluate our method on the experimental
setup followed by MQNet [35] and report results in the sup-
plementary material.

Baselines and other methods: The main variant of
our approach is with M = 5, includes outlier filter-
ing, and uses VR as a scoring function, unless otherwise
stated. We often refer to the numbered steps, as shown in
Figure 2, to clarify particular design choices in ablations.
The following acquisition functions are used within our ap-
proach: Random selection, Entropy-based selection [43],
VR [12], and CoreSet [42]. We compare with BADGE [1]
as a recent, well-performing, and representative method de-
veloped for the outlier-free setup. Additionally, we com-
pare with CCAL [9], SIMILAR [24], LfFOSA [34], and
MQNet [35] as approaches that perform in the presence of
outliers. We observe that SSL-based network initialization
is beneficial for all these methods; therefore, we use it to
evaluate them. Due to this choice, the reported performance
for these methods is noticeably higher than their off-the-
shelf application. Note that CCAL, in the original work,
uses SSL for the backbones used in the acquisition process
but not as classifier initialization. We run CoreSet, BADGE,
CCAL, SIMILAR, and MQNet using the provided imple-
mentations, after integrating them into our implementation
framework. We implement LfOSA by ourselves.

Comparison with other methods: We perform exten-
sive experiments on ImageNet, which we consider as the
most realistic setup due to the normal-sized images and the
larger number of categories in the outlier class. In Figure 3
and Figure 4, we present classification accuracy and inlier
rate, respectively, for baselines, SOA approaches, and our
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Figure 3. Comparison of classification accuracy over multiple active learning rounds for varying outlier ratios on ImageNet. SIMILAR is
excluded for 0.9 outlier ratio since we were not able to run it even on a machine with 800GB of RAM.

method. Our approach achieves the best results among all
setups by a large margin. Semi-supervision is a key ingre-
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Figure 4. Comparison of inlier rate over multiple active learning
rounds for varying outlier ratios on ImageNet. Round 0 is with
random selection for our approach and with their specific choice
for each method. Reporting round 10 is not included because test-
ing and evaluation are performed before acquisition.

Figure 5. Comparison of classification accuracy over active learn-
ing rounds on CIFAR100 and TinyImageNet for 0.8 outlier ratio.

method is either on par or better than others, especially in
the presence of more outliers. This happens without achiev-
ing the higher inlier rate. Choosing mostly inliers does not
mean that the acquired examples are useful for training. For
instance, LfOSA achieves the highest inlier rate but per-
forms poorly in the low presence of outliers. As shown in
the supplementary material, this is due to the fact that the se-
lected examples are not diverse enough and, therefore, are
less useful for training.

Other methods (SIMILAR, CCAL) achieve moderate in-
lier rates, as ours, but CCAL performs poorly, while SIM-
ILAR is the top-performing competitor. Nevertheless, it is
costly to run and not scalable (we could not run it for the
0.9 outlier ratio). MQNet performs well on low outlier ra-
tios but fails in the large presence of outliers. BADGE and
Random perform well only without any or with few out-
liers, as expected. Overall, note that performance differ-
ences get larger for more outliers, in the challenging setups,
while many methods are well-performing for the low pres-
ence of outliers.
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We report the same comparison with the top competitors
on CIFAR100 and TinyImageNet in Figure 5 to confirm the
good performance of the proposed method in two additional
datasets. Note that both of these are with tiny resolution
images, which forms the most standard setup in prior work
for active learning with outliers. CCAL performs on par
with SIMILAR, presumably because using two SSL-based
networks is a choice tailored to these benchmarks.

Impact of training with outliers: First, we validate
the importance of outlier filtering for different acquisition
functions. To perform that, we perform acquisition with
and without outlier filtering, i.e. setting predicted outliers to
zero score or not. Results are presented in Figure 6 (left).
Simple scoring functions such as Random and Entropy ben-
efit a lot from outlier filtering, which increases their perfor-
mance and inlier rate by a large margin. This is much less
the case for CoreSet, and nearly not at all for VR. Moreover,
with filtering, even simple Entropy is top performing.

We go one step further and investigate performance with-
out filtering for the standard choice of jointly training a
K + 1-way classifier and compare it with the case of us-
ing a K-way classifier for the acquisition part. That means
that during step 3 in semi-supervised learning, we only train
with labeled and pseudo-labeled inliers. Results are pre-
sented in Figure 6 on the right. It turns out that there is a
large performance drop if outliers are not used in the train-
ing; the joint training makes outlier filtering less necessary.

To take a closer look, we present an analysis of the VR
values in Figure 7. Without filtering, VR with K-way ac-
quires a large number of outliers (left), while it acquires
noticeably fewer outliers with the joint K + 1-way training
despite no filtering (middle). We explain this by the fact
that inlier examples from different classes are more simi-
lar to each other than to outliers examples. Therefore, in-
lier examples more often result in disagreements. This may
be seen as an outcome of the chosen inlier classes, which
nevertheless follows prior work [9] and imitates a realistic
scenario. The outlier filtering (right) does not significantly

improve acquisition because it operates better on the low
VR regime, where more outliers than inliers are rejected. In
the high VR regime, where acquired examples belong, an
equal amount of inliers is filtered out too.

Impact of ensembles: In Figure 8, we show the impact
of the ensemble size on classification accuracy. Using a
network ensemble has a significant impact on performance
already from M = 3. The increased pseudo-label accuracy
is the main source of the improvement. Training 20 net-
works have good benefits in early rounds. Nevertheless, we
opt for M = 5 as the standard setup to lower training com-
plexity and experimentation time. Detailed time reporting
and comparison is included in the supplementary material.

In case we opt for using the ensemble predictor during
inference too, the achieved performance on ImageNet for
outlier ratio = 0.5, M = 5, at round 10 is equal to 75.81%.

Our components improve other methods: We inves-
tigate whether our key components, i.e. joint training, en-
sembles, and semi-supervision, are beneficial to other meth-
ods too. In particular, we implement the combination for
CCAL, SIMILAR, and CoreSet. We add an outlier class
to the classifier for CoreSet and CCAL, while SIMILAR al-
ready includes it. This allows us to perform pseudo-labeling
and semi-supervision. For CoreSet and SIMILAR to ben-
efit from model ensembling, we use average features and
similarity matrices, respectively. CCAL performs acquisi-
tion based on a fixed network obtained during pre-training;
therefore, semi-supervision or ensembling do not affect its
acquisition phase. Results in Figure 9 show that all meth-
ods benefit from our key ingredients. However, compared to
much more complicated methods, our simple and intuitive
approach is top-performing. Note that the top inlier rate
does not necessarily result in top performance. Addition-
ally, we see that classical active learning methods (CoreSet)
become competitive again.

Impact of semi-supervision on the acquisition: In Fig-
ure 10 (left), we present the impact of performing acquisi-
tion before or after (default) semi-supervision. In the case

CoreSet F
CoreSet NF

—+— VRF —— RandomF
- =+ - VRNF - = - Random NF

Entropy F
Entropy NF

—— VR K+1 —— Random K+1
- <- VRK

CoreSet K+1
CoreSet K

Entropy K+1

- = - Random K Entropy K

filtering outliers vs. no filtering filtering outliers vs. no filtering

. 70[ <] sof .
2 r = I ot L_o3— |
5| /(Pj/j;"—' 1 eof 74 T
31 - . - .
}560f ,-;// ,_,_,tg F 1
g | 7 e 1 540F B
S0l A 1:21F ]
g0 /4 18 r .
2 [ n W Fome e e e e - ]
E . r §
S - B = |
0 ] o) —— T -
0 5 10 0 5 1

acquisition round ¢ acquisition round ¢

classification accuracy

K-way vs. K+1-way K-way vs. K+1-way

70j‘ T T T T T T T T \t SOj‘ T T T T T T T \t
60| :260} e
[ 1€ : 1

5 1840 =
50 18 ]
8 . 20} \,—C——&—Q\"\,WE
40, T ! T 0: | \_\_‘ i T \_\ =
0 5 10 0 5 10

acquisition round ¢ acquisition round ¢

Figure 6. Performance and inlier rate comparison for the proposed approach with different scoring functions for two different experiments.
Left: with or without outlier filtering. Right: with a K-way or a K + 1-way classifier during semi-supervised learning (step 3), without
outlier filtering in both cases. NF: no outlier filtering. F: outlier filtering is used. Experiments on ImageNet with 0.8 outlier ratio.
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Figure 8. Classification accuracy (left) and accuracy of the pre-
dicted pseudo-labels (right) for varying ensemble size on Ima-
geNet for 0.5 outlier ratio. The scoring function is VR for all cases
with M > 1 and random for M = 1, where VR is not defined.
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Figure 9. Impact of adding our key ingredients to other methods.
Performance and inlier rate comparison when joint training and
semi-supervision (denoted by +) and ensembles (all three ingredi-
ents together, denoted by ++) are combined with other methods.
Experiments on ImageNet with 0.5 outlier ratio.

of performing acquisition before semi-supervision, we still
use semi-supervision to train the network used for evalua-
tion. Results show that semi-supervision improves acquisi-
tion, although the difference is small in the early rounds.

Impact of self-supervised pre-training: We present
the impact of self-supervised pre-training on classification
accuracy in Figure 10 (right). Results show that it provides
a significant benefit of 30% in round 0. This performance
gap is retained across all active learning rounds too. This
result confirms the findings of earlier work [44].
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Figure 10. Left: classification accuracy when the acquisi-

tion is performed before and after (default) training with semi-
supervision. Right: impact of self-supervised pre-training on clas-
sification performance. Experiments on ImageNet with 0.8 outlier
ratio.

5. Conclusions

We improve the state-of-the-art performance on active
learning with outliers by a large margin. This is achieved
by three ingredients: joint training with inliers and outliers,
semi-supervision via pseudo-labeling, and network ensem-
bles that are used in a way not to increase the test-time com-
plexity. Some of our findings are shown to be compatible
with existing acquisition functions, and their applicability
goes beyond existing approaches due to the universality of
the proposed framework. Simple acquisition functions that
were thought to fail in this setup are able to reach state-of-
the-art performance within our framework. We will pub-
licly release the source code and datasets of our extensive
evaluation for reproducibility and to improve the setup dis-
crepancy from which the current literature suffers.
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