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Abstract. Conventional active learning (AL) frameworks aim to re-
duce the cost of data annotation by actively requesting the labeling for
most informative data points. However, introducing AL to data hun-
gry deep learning algorithms has been a challenge. Some proposed ap-
proaches include uncertainty-based techniques, geometric methods, im-
plicit combination of uncertainty-based and geometric approaches, and
more recently, frameworks based on semi/self supervised techniques. In
this paper, we address two specific problems in this area. The first is
the need for efficient exploitation/exploration trade-off in sample se-
lection in AL. For this, we present an innovative integration of recent
progress in both uncertainty-based and geometric frameworks to enable
an efficient exploration/exploitation trade-off in sample selection strat-
egy. To this end, we build on a computationally efficient approximate
of Thompson sampling with key changes as a posterior estimator for
uncertainty representation. Our framework provides two advantages: (1)
accurate posterior estimation, and (2) tune-able trade-off between com-
putational overhead and higher accuracy. The second problem is the need
for improved training protocols in deep AL. For this, we use ideas from
semi/self supervised learning to propose a general approach that is inde-
pendent of the specific AL technique being used. Taken these together,
our framework shows a significant improvement over the state-of-the-art,
with results that are comparable or coming very close to the performance
of supervised-learning under the same setting. We show empirical results
of our framework, and comparative performance with the state-of-the-art
on four datasets, namely, MNIST, CIFAR10, CIFAR100 and ImageNet
to establish a new baseline in two different settings.

1 Introduction

Active learning (AL) has consistently played a central role in domains where la-
beling cost is of great concern. The core idea of AL frameworks revolves around
learning from small amounts of annotated data and sequentially choosing the
most informative data sample or batch of data samples to label. To this end,
after initial training using available labeled data, an acquisition function is uti-
lized to leverage the model’s uncertainty in order to explore the pool of unla-
beled data for most informative data points. In parallel with the advancements
in AL, in the recent years, deep learning has gained tremendous attention due
to its emergence as a high-performing approach, primarily conditioned on the
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availability of large amounts of training data. An interesting challenge is how
to efficiently incorporate data-hungry deep learning tools into supposedly data-
efficient AL frameworks. Adjusting AL algorithms for deep neural networks has
been enormously challenging, where extending the model complexity /capacity to
that of CNNs ultimately ended up with either a poor performance, or some mi-
nor improvements at the cost of querying almost all samples. On the other hand,
sequential training of such expressive models as well as extending the framework
to high dimensional data injects even more complexity [1-3]. This challenge was
relatively under-explored, until a breakthrough work by Gal et al [4], which es-
sentially considered the problem of incorporating deep learning into AL for high
dimensional data as highly connected with that of uncertainty representation.
They thus approached the problem from the perspective of uncertainty repre-
sentation in deep learning for AL, and developed a Bayesian AL framework for
image data. Later work such as [5] however, argued that the approach exhibits
poor scalability to big datasets due to its limited model capacity .

Another approach that also relied on uncertainty representation, is ensemble-
based AL [5]. Here, an ensemble of classifiers is used, where the classifiers in-
dependently learn from the data in parallel. The major drawback is the poor
diversity (lack of exploration) even with larger ensembles. Our approach while
enjoying the power of ensembles, solves this problem by offering an inherent ex-
ploration/exploitation trade-off as classifiers maintain some dependency in the
form of a shared prior. Apart from uncertainty representation, another set of
emerging methods that primarily rely on geometrical data representation [6]
showed improved performance in deep AL. However, consistent with [7], we
empirically observed that these geometric approaches mainly suffer from perfor-
mance degradation as the class diversity (number of classes) increases. Another
recent approach is the work reported in [7] where they take advantage of ad-
versarial training to provide improved performance over previous methods. We
empirically find that their work provided a balanced performance on datasets at
different scale and diversity. As we will show later, our proposed model outper-
forms this approach in multiple settings with significant margins, with results
approaching that of supervised learning models in some cases.

In this paper, primarily motivated to efficiently integrate the advantages
of uncertainty and geometrical representations, in the first part we propose
an approach built upon approximate Thompson sampling. On one hand, this
provides an improved representation of uncertainty over unlabeled data, and on
the other hand, supports an inherent tune-able exploration/exploitation trade-off
for diverse sampling [8,9]. Unlike conventional ensemble-based methods whose
performance tend to saturate quickly, under our tuneable model, adding a few
more classifiers tends to improve the uncertainty and geometric representation.
To mitigate the general sample diversity problem of ensemble models (see [10,
5] ), we use an inclusive sample selection strategy. Our framework showed a
noticeable improvement over the state-of-the-art, with results coming very close
to those of supervised learning methods. Further, we explore the scope and scale
of model efficiency improvements brought about by our proposed techniques.
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Briefly, due to the exploration/exploitation trade-off, Thompson sampling
is expected to improve both predictive uncertainty and sample diversity
by computing, sampling, and updating a posterior distribution. A serious con-
sideration, however, is that, for more expressive models such as deep convolu-
tional neural networks (CNNs) designed for high dimensional data, Thompson
sampling makes the process computationally onerous. This is primarily because
computation of the posterior distribution over CNNs is complex by nature.

Inferences based on Laplace approximations or Markov chain Monte Carlo
approaches would be two possible alternatives. However, the former is not time-
efficient for multi-modal posterior distribution estimation such as that of CNNs,
and the later is still very expensive in terms of computational cost [11-13]. Lu et
al [13] argue that due to the compatibility of Thompson sampling with sequen-
tial decision and updating, an approximate version of Thompson sampling
could be a promising solution. Accordingly, we build an ensemble model relying
on an efficient approximate of Thompson sampling, which improves the state-
of-the-art. Interestingly this model possesses both the advantage of uncertainty
based deep AL set of approaches (exploiting most uncertain samples) and the
advantage of geometric solutions (exploring for more diverse though not neces-
sarily highly uncertain samples).

In the second part of the paper, we investigate a new line of efforts/arguments
revolving around the idea of boosting AL frameworks using self/semi supervised
learning techniques. We substantiate and unify these arguments (Section 3.4 of
paper and Section 1 of Supplementary Materials) and also design and perform
extensive experiments on multiple baselines to assess it as a new general training
protocol for AL frameworks. This enables our approach to be compared against
recent boosted AL frameworks. Briefly our key contributions are as follows:

— A new framework for deep AL which enables an exploration/exploitation
trade-off for sample selection and hence offers the advantages of both uncertainty-
based and geometry-based methods.

— Theoretically substantiating and unifying recent arguments on boosting AL
using self/semi supervised learning and experimentally evaluating it on mul-
tiple recent baselines, to propose a new general standard training protocol
for visual AL approaches. We compare our framework against two sets of
baselines to show its performance.

2 Background and preliminary

Background: Early efforts on AL with image data include kernel-based ap-
proaches [14,15], and SVM together with kernel-based approaches [16].

Later direct or indirect work on AL with image data using CNN, include
uncertainty-based approaches [4,17,5,18,19], geometrical approaches [6] or an
implicit combination of them such as [7] (based on adversarial training). Gen-
erally speaking, uncertainty-based approaches focus on finding most uncertain
samples to label, with the potential downside of less diversity in sample selec-
tion, while geometric approaches tend to weigh on diversity of samples, result-
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ing in performance degradation in case of datasets with very diverse classes
(large number of classes). Most recently in a relatively different setting, Gao et
al. [20] leveraged semi-supervised learning while Bengar et al. [21] applied self-
supervised learning techniques to deliver a significant performance improvement.
We will compare our proposed approach against these related work, on the same
problem settings. Some other recent work in this general area of modern AL
with high dimensional data can be found in [22-27]. Though these are relevant,
they are not as closely related to our approach.

Preliminary:

1. Uncertainty-based techniques: Two categories of well-known deep learn-
ing applicable techniques for uncertainty representation and estimation include
ensemble-based techniques (non-Bayesian) [18, 19] and Monte-Carlo (MC) dropout
(Bayesian) [17,4]. In ensemble-based methods, an ensemble of N identically
structured neural networks are trained using identical training data Dy,., where
the different random values are applied for weight initialization w;. Let’s say for
a given class ¢ out of multiple classes and input X it follows as:

=N
1 n
Ply = el D) = o 3 ply = el w) (1)
n=1
However, MC-dropout in a similar fashion, trains a network with dropout,
and during test, implements T forward passes, each individually with a new
dropout mask, resulting in 7T sets of weights w;. Given input x, the average of

all T softmax vectors represents the output for a desired class c.

t=T
1
p(y = clz, Dyr) = N ;p y = clz,w;) (2)

Here we briefly describe some popular effective uncertainty-based acquisition
functions [4, 5] or their approximation for ensemble-based approaches, MC dropout,
and also our active ensemble sampling framework, all based on uncertainty sam-
pling.

A. Selecting samples with highest predictive entropy [28].

Hly|z, D] := —Z an y = c|lz,wy,)). log(— an = clz,wy)) (3)

B. Selecting samples with highest mutual information between their pre-
dicted labels and the weights, BALD [29, 4], which was initially applied in [4]
with T forward passes in MC-dropout. It can be analogously rewritten for an
ensemble with N members by replacing T' with N.

1
Ifyswle, Diy] = Hlylw, Doyl = = > D =ply = clz,wp)-logp(y = clz.wr) (4)
t c

C. Highest Variation Ratio [30] as a measurement of non-modal predicted
class labels, where f,, is the number of modal class predictions [5].

fm
VR:=1-73 (5)



DAES 5

We used this acquisition function for DAES.

2. Geometric-based techniques: Geometric or representation-based methods
primarily rely on density-based acquisition functions such as REPR [31], and
Core-Set [32]. With a total of n samples, at each iteration Core-Set selects a
fixed number of samples, that minimize the upper bound on the distance between
point z; in n samples, and x;, its closest neighbour in selected subset o.

Due to its stellar performance, we only present the acquisition function of Core-
Set, and leave REPR for supplementary Materials.

A. Core-Set: The acquisition function of Core-Set is represented as:

5 = argmaTicnls mein dist(z;, ;) (6)
j€o

3. Other techniques:

Other methods include implicit combination of uncertainty with and geometry
such as [7], which designs a minimax game in the context of adversarial training,
as well as methods using the power of pre-trained models such as [20] or to less
extent [33].

3 Deep active ensemble sampling

Our work is primarily inspired by the reports in [4,19,13] towards finding an
uncertainty-diversity trade-off. In particular, we propose a tuneable trade-off
between uncertainty-wise exploitation of samples vs exploration of less uncertain
more diverse samples.

3.1 Thompson sampling for AL

Contextual bandit: Thompson sampling was primarily developed as a heuris-
tic to address the Multi-armed bandit (MAB) problem aiming for a trade-off be-
tween exploration and exploitation in sequential decision making. As presented
in Algorithm 1, the core idea of Thompson sampling has a Bayesian essence,
where unlike greedy algorithms that mostly lean toward exploitation, Thompson
sampling draws random samples from a posterior distribution to fine-tune be-
tween exploration and exploitation. See [9, 8] for related work on low dimensional
data. New attempts towards using Thompson sampling for efficient estimation
of posterior distribution for more complex models such as CNNs revealed an
immediate need to find a computationally tractable approximation [13].

Deep AL: Assuming a pool-based AL setting, we initially have a set of unan-
notated data Uy = {z1, z2,...2,} and a small set of annotated data Ag, where
at each iteration, an algorithm, known as acquisition function, looks into the
whole set of unlabeled data to select a number of samples and pass them to an
Oracle for labeling. In deep learning backed AL with high dimensional data such
as images, the goal is to adjust the model to enable learning from a relatively
small initial training set, and accordingly select a subset of most informative
unlabeled data samples (in terms of uncertainty and diversity) to be labeled.
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Algorithm 1 Thompson (X, p, q,r)
1: fort=1,2,..., T do
2: Sample 6 ~ P
Ty < argmaxgzex Eq, [r(ye)|xe = ]
Input chosen z: and observe y;
P Ppq(0 € .|zt Y1)
end for

3.2 Ensemble sampling

From the perspective of geometric probability, one ideal estimation of the de-
sired posterior space in AL framework could be represented by a direct sum
over the space. Along thus line, some methods such as [24] propose splitting the
input space to improve uncertainty sampling associated with posterior distribu-
tion. Hinton et al [34] noted the fact that data points are generated by natural
sources that actually inject limited complexity, rather than random sources with
unlimited complexity. Therefore, unlike a random source that practically enables
sampling from an infinite space, the natural source can be represented with a
direct sum over posterior space S with any finite number of summands IV,
S=S81®S;®... SN where S; represents the subspaces.

In the case of AL on a neural network with weights 6, let’s say the network
represents the mapping gy : R™ +— RX and the goal is to sequentially choose
a fixed number of samples d; from a pool of K samples as input at each time
t=0,1,..T, where D C RM such that it leads to desirable output. Accordingly,
with each sample d; selected from D at time ¢t = 0,1, ..., T, an output gs(d;) and
random variable w; 1 ~ N (0,02 I) form the observation y; = gg(d;) + w; which
allows to update a reward r; = r(w;) sequentially. Supposing that we have a prior
on 6, 6 ~ N(ug,Xp), the model is much more prone to uncertainty. Therefore,
at each time ¢, the neural network will be fitted by d;,y;, and the samples are
selected with the goal of converging to a trade off between immediate desirable
outputs (minimizing the loss) and reducing uncertainty in 6.

With the problem presented in this new context, an algorithm is required
to incorporate Thompson sampling in this fashion. In the case of linear bandit
problem, since the conventional Thompson sampling yields an efficient solution,
no approximation to Thompson sampling is needed. However, in case of neural
networks, the conventional form of Thomson sampling could be computationally
expensive. This calls for a more efficient implementation in terms of approximate
Thompson sampling. Accordingly, Lu et. al [13] introduce an ensemble of N
networks with a shared prior on their weights, as an approximate Thompson
sampling. This allows efficient posterior estimation on complex models such as
neural network.

3.3 Algorithms for CNNs

Here we represent ensemble sampling as an efficient approximation of Thomp-
son sampling for neural networks. In fact, unlike in simpler cases such as linear
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bandit, exact Bayesian inference can not easily be performed effectively for neu-
ral networks, which necessitates an efficient approximation. First, we present
the algorithm for Thompson sampling (Algorithm 1). Then, we discuss ensem-
ble sampling as its efficient approximation, and present the algorithm for Deep
Active Ensemble Sampling (Algorithm 2).

More precisely on Thompson sampling, let’s assume X is a finite set of data
points x1, ..z, where selecting a data point x; (or a number of data points) at
time t yields a randomly generated output y; based on a conditional probabil-
ity distribution ¢(.|z;). Accordingly, a known function r; = r(y;) is defined to
capture the reward for the selected data point. This reward can be interpreted
as a negative loss. At the beginning, the decision maker gets initialized with a
prior p on 6, and as it starts to explore, updates its uncertainty representation.
While Greedy algorithms generally use expected value of § with respect to p
to produce model parameters é, Thompson sampling relies on random sampling
from p. Next, the algorithm will choose data points maximizing the expected
reward presented as follows:

Egy[r(w)la = 2] = 3 g5(0l2)r(0) ™)

Subsequently p is updated by conditioning on ¥;, and for § coming from a finite
set, relying on Bayes rule we will have:
P(w)qu (yelze)
Frall =) = ) el ¥
As an efficient approximate Thompson sampling for neural networks, we use
ensemble sampling, where we employ an ensemble of M networks and set a pri-
ors on the weights, as presented in Algorithm 2. All networks will be trained
on identical data samples while the initial shared priors on the weights makes a
connection between them. We made key adjustments to make the approximate
Thompson sampling adaptable to the AL framework. These changes include (1)
the optimization process of ensembles; (2) selecting a set of samples rather than
one sample; (3) we replace the original concept of maximizing reward in the
algorithm with minimizing the loss L;() in our deep active learning framework.
Accordingly, it is important to mention that the optimization of the method
need not to be combinatorial as it is the case with combinatorial contextual ban-
dits. Moreover, sample selection is sequential in which, each iteration of sample
selection provides a batch of samples ranked by acquisition function. Unlike clas-
sical ensemble-based approaches, the proposed deep active ensemble sampling
(DAES) not only puts a prior on the weights of the networks (all sampled from
one prior distribution rather than individual priors), but also jointly optimize
the members of an ensemble.

3.4 DAES with self-trained knowledge distillation

Consistent with primary focus of AL on less annotation effort and with the goal
of establishing a new standard AL training protocol, we empirically evaluate a
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Algorithm 2 Deep Active Ensemble Sampling (M)

1: Sample: é1’1, ~~-7§1,M ~ Do

2: fort=1,2,.., T do

3: Sample: m ~ ({1, ..., M})

4 Act: Ay = argmingea Eét,nz (@)
5 Observe: Yii1 R

6: Update: 0t+1,17 ~~-’9t+1,M

7: end for

simple training technique which inherently empowers any active learner regard-
less of approach. This is inspired by the recent technique in [20] which showed
performance improvements by leveraging distilled knowledge of unlabeled sam-
ples by implementing a semi supervised AL method. We also separately consider
another less similar work reported in [33] in our comparison. To ensure fairness
of our comparisons, we apply the new training protocol to both the previous
baseline AL models, and to our proposed DAES framework. The proposed train-
ing protocol could help to eventually unify this line of work with some form of
knowledge distillation [35, 36].

Training protocol. Due to huge success of self-supervised learning (SSL)
in similar problem domains, we adopt a most recent SSL model suitable for our
setting. Briefly, SSL is one of the closest modern problem domains to AL with
zero labeling effort policy where the goal is to leverage all unlabeled data to train
a network for a pretext task so as to prepare the network for a mainstream task,
usually with small amounts of data [37]. (See Fig. 1 and 2 in supplementary
materials). Until very recently, a major set of pipelines were developed based
on contrasting augmented views of sample with each other (positive contrastive
pairs) [38, 39] or formerly with views of other samples (negative contrastive pairs)
[40,41]. Most recently, Ermolov et al. [42] developed a non-contrastive method
resulting in the state-of-the-art performance. They used feature whitening as the
main technique for developing a new loss function (more details on theory avail-
able in Section 1 of supplementary materials). Thus, our proposal for training
AL models is to consider a training protocol, where we first a model to self-train
the deep network as a building block for the active learning models.

In this work, we tested this idea by adopting the conceptually simple, yet
effective SSL model in [42] to initially train ResNet18 as the building block for
the AL methods, namely, Random baseline, VAAL, Core-Set and DAES.

4 Experiments and results

We conduct two sets of experiments on images classification task to evaluate our
proposed DAES framework as well as compare it against state-of-the-art models.
Specifically, we mainly perform the experiments on MNIST [43], CIFAR10 and
CIFAR100, [44] and ImageNet [45]. To ensure the fairness of compassion scenar-
ios, we compare the framework against two sets of baselines, namely trained
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from scratch and self-trained enabled by self/semi supervised learning (SSL).
Evaluation: On CIFAR10/100 and ImageNet, starting with an initial budget
of 10% labeled samples, we measure the performance in a sequential iteration
of T training, where in each iteration of training we add 5% labeled data from
unlabeled pool to the training set (labeled data ratio of 0.1, 0.15, 0.20, ... up to
0.35 or 0.50). We assume each training iteration is from scratch unless otherwise
stated. On MNIST the initial training set is 200 samples and the evaluation is
performed on acquisition budget of 100 samples; as discussed more in Section 3
of supplementary materials. The results of all our experiments on all datasets
including ImageNet are averaged over three trials.

Baselines: We compare the performance of DAES against two sets of baselines.
First set of approaches, specifically trained from scratch, includes Random sam-
pling from unlabeled pool (Random), Monte-Carlo dropout (M-C Dropout) [17],
deep Bayesian active learning (DBAL) [4], Core-Set [6], Ensemble with Variation
Ratio (Ens-VarR) [5], and VAAL [7]. We also design and implement another set
of extensive experiments on our framework as well as some of previous baselines
empowered by self-training including Random, Core-Set, and VAAL to contrast
against a very recent baseline taking advantage of SSL, CSSAL [20], and also
later compare with a semi-supervised baseline, REVIVA [33]. Accordingly and
as our secondary contribution, we dare to propose a new general training pro-
tocol for active learners aiming for updating the previous standard AL training
paradigm.

4.1 Experimental settings

We implemented our network architectures in Pytorch and essentially, besides
our experiments, experiments of all other competitive baselines including Ran-
dom baseline, on CIFAR10, CIFAR100 and ImageNet are performed with ResNet18
with similar setting of VAAL except they used VGG16 [46]. However for MNIST,
we used a three-layer (two convolutional and one fully connected) network de-
scribed in [4]. Specifically an ensemble includes N = 5 identical classifiers unless
otherwise specified. We used Xavier initialization when applicable, and we uti-
lized Adam optimizer [47] for all experiments. All experiments start with an
initial balanced budget of 10% of unlabeled training pool (6000 for MNIST,
5000 for CIFAR10/100, and 128120 for ImageNet) and iteratively are updated
by adding 5% of whole training pool. Both initial training and other sequential
iterations of training continue for 100 epochs. After every update, the network is
trained from scratch unless otherwise specified (i.e., incremental training). Fur-
thermore, unlike classical ensemble-based methods, the optimization process of
all classifiers of DAES is performed jointly as one loss function. Also practical
consideration in case of DAES with very deep networks is discussed in ablation
studies.
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Fig. 1. Accuracy vs ratio of labeled samples from CIFAR10, CIFAR100 and ImageNet
datasets.

4.2 AL on self-trained models

We explore a new setting in which a given baseline is equipped with a concep-
tually simple self-training as discussed in section 3.4. As it is depicted in Fig. 1
in supplementary materials, we apply an state-of-the-art non-contrastive self su-
pervised learning framework [42], to leverage knowledge distilled from unlabeled
data for empowering the active learner. The idea is to use whitening in SSL in
order to train the RseNetl8 A and then freeze all layers except for head-layers
which are replaced with fully connected layers to be trained. Implementation
details are available in section 1 of supplementary materials.

4.3 DAES performance comparison

In this section we explain the immediate results of experiments on MNIST,
CIFAR10/100 and ImageNet in two comparing scenarios, namely AL model
trained from scratch and AL on self-trained model.

1. Trained from scratch: The conventional protocol is training from scratch.

Our results on MNIST is on par with VAAL and Core-Set where all three
approaches attained 99 4+ % accuracy with 1000 samples (1.67%) of the data.
Ens-VarR, DBAL, M-C Dropout and Random baselines achieved 97.81 + 0.12,
97.55 £+ 0.18, 97.26 4+ 0.14, and 95.2 £ 0.23

On CIFARI0 as shown in Fig.1, our framework tends to outperform other
baselines including VAAL upon using more than 15% of the data, while the
difference grows by adding more labeled samples. Our approach attains mean
accuracy of 82.98% and 83.93% upon using 40% and 50% of the data respec-
tively, whereas Top-1 accuracy using 100% of data is 93.27%. Second and third
highly performant methods using half of the data are VAAL and Core-Set with
82.89% and 82.31% respectively. While Ens-VarR remains fairly competitive,
M-C dropout as well as DBAL are evidently underperforming,.

On CIFARI100 also our method starts to outperform competitive VAAL and
Core-Set approaches upon using 20+ % of the data, while the accuracy difference
swiftly grows by adding more samples to the point that upon using 50% of data,
our method outperform VAAL and Core-Set by 51.33% to 50.01% and 49.03%.
Note that the Top-1 accuracy using full data is 75.43%. As it is clear, due to larger
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number of classes, Core-Set is to experience performance degradation down to
performing on par with Ens-VarR .

Performance on dataset at scale: On ImageNet as a large and more

challenging dataset of 1.2+ million samples of 1000 classes, our method patently
outperforms former baselines upon using 15% or more of data. Compared to
Top-1 mean accuracy of 71.8% using whole data, we achieve mean accuracy
of 55.57% upon using only 35% of data, which is a pure 1.2% improvement
over VAAI, (while VAAL offers only less than 1% improvement over its former
baseline, Core-Set using 35% of data). Our method improves over Random base-
line by mean accuracy of 3.67%. Similar to their performance on CIFAR10 and
CIFARI100, Bayesian techniques, i.e., DBAL and M-C dropout, slightly under-
perform Random baseline.
2. Self-Training: We also consider self-supervised knowledge distillation [35]
from unlabeled data in order to witness a performance jump by empowering the
model training process. This is in line with two goals. First a fair comparison of
our framework and three baseline, VAAL, Randon and Core-Set with two base-
lines [33,20] which take advantage of knowledge distillation of unlabeled data
and second, establishing a new standard training protocol for deep AL regard-
less of pipeline. As shown in Fig. 2, extensive experiment of Random baseline,
VAAL, Core-Set and DAES on CIFAR10, CIFAR100 and ImageNet consistently
confirm the performance jump due to SSL-wise leveraging unlabeled data in or-
der to enable achieving substantially higher accuracy still with small percentage
of labeled data. Aside from bringing some accuracy jump to VAAL, Core-Set
and Random baseline, this allows our framework to outperform CSSAL [20] on
CIFAR10, CIFAR100 and ImageNet by using 18+ %, 20+ % and 17% of data. As
promised, the performance of our method on all three datasets rivals Top-1 mean
accuracy attained by supervised learning (having the whole data labeled). On
CIFAR10 and only using 40% of data (labeled), all approaches except for Ran-
dom acquisition perform above Top-1 mean accuracy of 93.27%. On CIFAR100
(50%labeled) and ITmageNet (35% labeled) all methods are competitive to super-
vised Top-1 mean accuracy, with our method achieving mean accuracy of 73.55%
( compared to 75.81%) and 69.92% (compared to 71.80% ). Finally, compared
with a recent baseline on semi-supervised learning, REVIVAL proposed by [33],
on CIFARI0 and using 40% of the data, our framework performs on par with
REVIVAL. On CIFAR100 our approach (using 35% of the data) performs on
par with REVIVAL (using 25% of the data).

5 Ablation study and investigative scenarios

In this section we pose a few scenarios in order to assess the effect of model size
on tuning the trade-off between performance and model capacity/complexity,
DAES behaviour with deeper networks, DAES sample selection similarity score
with VAAL and Core-Set, and finally incremental training. For all methods, we
used Variation Ratio as acquisition function, as it is empirically proved to be
the most effective query strategy by the literature [4,5]. On the other hand, con-
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Fig. 2. Accuracy vs ratio of labeled samples from CIFAR100 and ImageNet datasets
on SSL boosted networks. Top groups: results with proposed training protocol using
SSL; Lower group: results with training without SSL.

sistent with the results of [5], we could not see much of accuracy enhancement
with increasing the size of ensemble in classical ensemble-based method. In other
words, it does not establish a tunable trade-off between accuracy and computa-
tional overhead. A satisfactory accuracy would be attained using 5 members, and
increasing the the number of members does not contribute as much as expected.
However, active ensemble sampling showed a much robust performance in terms
of exploiting more model capacity by adding more members to the ensemble.
In fact, the Bayesian nature of active ensemble sampling in conjunction with its
ensemble-designed structure allows achieving much higher accuracy by enlarging
the ensemble at the cost of a proportional computational overhead.

5.1 DAES model size

A main advantage of DAES is allowing to gain higher accuracy by enlarging
the ensemble. Ens-VarR enjoys a performance boost only when changing the
1-member ensemble to ensemble with more than one member. Unlike Ens-VarR,
having the drawback of non-malleable trade-off between the computational over-
head and performance, meaning that adding reasonably more classifiers to the
ensemble does not proportionally increase the performance, unless substantially
enlarge the size of ensemble (again with small improvement), we empirically as-
sess how larger ensembles sensibly provide desirable improvement on accuracy.
As shown in Fig. 3, DAES-10 with 5 additional classifiers (total of 10), approx-
imately double the former accuracy improvement on ImageNet dataset (three
time the accuracy improvement that VAAL adds to Core-Set under the same
experimental setting). This is while DAES-20 with 20 classifiers bring 180 + %
improvement over 5-member DAES. Similar experiments on CIFAR100 also con-
firm the sensible improvement. CIFAR10 however enjoys relatively smaller accu-
racy enhancement compared with former datasets. We mainly suspect that the
underlying cause of the improvement could be broken into two separate causes.
First, adding more classifiers positively impacts the model’s capacity on efficient
sample selection. Second, training the model on full training budget, allows clas-
sifiers to individually specialize in diverse feature representation and accordingly
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Fig. 3. Accuracy with different size of DAES and cumulative training.

yields to a better performance in the test time compared to model with fewer
classifiers. The former explanation could be intuitively conceived as the perfor-
mance/behaviour spectrum of ensembles with 1,2, ..., N member(s) over test
time. In all experiments, cumulative training using the union of chosen samples
by DAES, VAAL and Core-Set performs slightly better than DAES-20 except
for CIFAR10. We see this as a sign of superior effect of training budget size
over model capacity on overall performance in this setting. Also as seen in Fig 3,
compared with DAES, not surprisingly training VAAL with the same cumulative
training budget led to lower accuracy, as clear contrast of models’ capacities.

5.2 DAES with deep networks

We closely watch the training behavior of DAES with deeper blocks such as
ResNet50 and ResNet101. As a occasionally observed drawback, DAES built
of very deep building blocks such as ResNet101, tends to take much longer
convergence time than expected, or even fail to converge. As a remedy, we find
it extremely helpful to initially pre-train blocks separately using initial training
budget and then train the ultimate ensemble built using pre-trained blocks.
Applying this simple trick ensures the convergence of DAES.

On ImageNet and using 35% of data, DAES-5 with ResNet101 brings only
approximately 1% mean accuracy improvement over DAES-5 with ResNet18
which is less than improvement offered by DAES10 with ResNet18. The same
behaiviour is obsereved in case of CIFAR100. We suspect that adding more
members to DAES brings more improvement than replacing the blocks with
deeper CNNs.

5.3 Sample selection similarity score

We examined the similarity of sample selection between DAES and two compet-
itive baselines, VAAL and Core-Set, using a budget size of 5%, 50% and 35%
for MNIST, CIFAR10/100 and ImageNet, respectively. The similarity scores are
shown in Table 1. For simpler datasets with fewer classes, DAES shows a higher
similarity score with Core-Set, whereas in the case of more complex datasets,
such as CIFAR100 and ImageNet, the similarity score with VAAL is higher.



14 S. Mohamadi et al.

DAES Sample Selection Similarity Score
Method  MNIST (5%) CIFAR10 (50%) CIFAR100 (50%) ImageNet (35%)
VAAL 73.63% 76.16% 85.13% 79.44%
Core-Set  77.27% 84.95% 73.26% T1.77%
Table 1. Sample selection similarity score between our proposed DAES and two base-
line models (VAAL, and Core-Set).

5.4 Incremental training

In a standard AL experimental setting, after updating the training set, the next
training iteration starts from scratch (here for some 100 epochs). However, we
investigate incremental training of models (VAAL, Core-Set and DAES) in which
models are trained under much fewer number of epochs at each iteration while in
next iteration rather than restarting the training, training continues. Specifically,
we train the model for 20 epochs (formerly 100 epochs) with initial budget. Then
after each data acquisition, the model first is trained on newly selected samples
for as many epochs as former samples trained over, and next, the model will be
trained on the updated training set for 20 epochs. This is to utilize a not fully
trained model to leverage its premature data representation for sample
selection. Interestingly we find that this could be a trick to speed up the active
learner. Briefly, DAES, VAAL and Core-Set experience respective performance
degradation of (1.074+0.12)%, (1.394+0.14)% and (1.51+0.11)%. In this setting
Core-Set offers only 0.14% mean accuracy gain over random acquisition under
previous setting. We discuss this further in Section 4 of Supplementary Materials,
along with time complexity.

6 Future research and conclusion

In this paper, we introduced deep active ensemble sampling inspired by an effi-
cient approximation of Thompson sampling in order to combine the advantages
of uncertainty-based and geometric approaches into one unified framework. We
also examine a new training protocol formed on self-supervised knowledge distil-
lation from unlabeled data on four baselines in order to confirm its effectiveness.
Our framework is assessed on four benchmark datasets in two experimental set-
tings to establish a new baseline. Finally we pose a few scenarios aiming for
analysing DAES. We leave further theoretical and empirical analyses on DAES
with asymmetric architectures for future research.
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