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Abstract—Active learning typically focuses on training a model
on few labeled examples alone, while unlabeled ones are only used
for acquisition. In this work we depart from this setting by using
both labeled and unlabeled data during model training across
active learning cycles. We do so by using unsupervised feature
learning at the beginning of the active learning pipeline and semi-
supervised learning at every active learning cycle, on all available
data. The former has not been investigated before in active
learning, while the study of latter in the context of deep learning
is scarce and recent findings are not conclusive with respect to
its benefit. Our idea is orthogonal to acquisition strategies by
using more data, much like ensemble methods use more models.
By systematically evaluating on a number of popular acquisition
strategies and datasets, we find that the use of unlabeled data
during model training brings a spectacular accuracy improve-
ment in image classification, compared to the differences between
acquisition strategies. We thus explore smaller label budgets, even
one label per class.

I. INTRODUCTION

Active learning [31] is an important pillar of machine
learning but it has not been explored much in the context
of deep learning until recently [11], [2], [35], [12], [30]. The
standard active learning scenario focuses on training a model
on few labeled examples alone, while unlabeled data are only
used for acquisition, i.e., performing inference and selecting
a subset for annotation. This is the opposite of what would
normally work well when learning a deep model from scratch,
i.e., training on a lot of data with some loss function that
may need labels or not. At the same time, evidence is being
accumulated that, when training powerful deep models, the
difference in performance between acquisition strategies is
small [14], [8], [2].

In this work, focusing on image classification, we revisit
active deep learning with the seminal idea of using all data,
whether labeled or not, during model training at each active
learning cycle. This departs from the standard scenario in
that unlabeled data are now directly contributing to the cost
function being minimized and to subsequent parameter updates,
rather than just being used to perform inference for acquisition,
whereby parameters are fixed. We implement our idea using two
principles: unsupervised feature learning and semi-supervised
learning. While both are well recognized in deep learning
in general, we argue that their value has been unexplored or
underestimated in the context of deep active learning.

Unsupervised feature learning or self-supervised learning is
a very active area of research in deep learning, often taking
the form of pre-training on artificial tasks with no human
supervision for representation learning, followed by supervised

fine-tuning on different target tasks like classification or object
detection [9], [36], [13], [5]. To our knowledge, all deep active
learning research so far considers training deep models from
scratch. In this work, we perform unsupervised feature learning
on all data once at the beginning of the active learning pipeline
and use the resulting parameters to initialize the model at
each active learning cycle. Relying on [5], we show that such
unsupervised pre-training improves accuracy in many cases at
little additional cost.

Semi-supervised learning [6] and active learning can be
seen as two facets of the same problem: the former focuses
on most certain model predictions on unlabeled examples,
while the latter on least certain ones. Combined approaches
appeared quite early [25], [42]. In the context of deep learning
however, such combinations are scarce [35] and have even
been found harmful in cases [10]. It has also been argued that
the two individual approaches have similar performance, while
active learning has lower cost [11]. In the meantime, research
on deep semi-supervised learning is very active, bringing
significant progress [33], [19], [15], [34]. In this work, we use
semi-supervised learning on all data at every active learning
cycle, replacing supervised learning on labeled examples alone.
Relying on [15], and contrary to previous findings [35], [11],
we show that this consistently brings a dramatic accuracy
improvement.

Since [15] uses label propagation [38] to explore the
manifold structure of the feature space, an important question
is whether it is the manifold similarity or the use of unlabeled
data during model training that actually helps. We address this
question by introducing a new acquisition strategy that is based
on label propagation.

In summary, we make the following contributions:

o We systematically benchmark a number of existing ac-
quisition strategies, as well as a new one, on a number
of datasets, evaluating the benefit of unsupervised pre-
training and semi-supervised learning in all cases.

¢ Contrary to previous findings, we show that using unla-
beled data during model training can yield a dramatic gain
compared to differences between acquisition strategies.

o Armed with this finding, we explore a smaller budget
(fewer labeled examples) than prior work, and we find
that the random baseline may actually outperform all other
acquisition strategies by a large margin in cases.



II. RELATED WORK

We focus on deep active and semi-supervised learning as
well as their combination.

Active learning. Geometric methods like core sets [12], [30]
select examples based on distances in the feature space. The
goal is to select a subset of examples that best approximate the
whole unlabeled set. We introduce a similar approach where
Euclidean distances are replaced by manifold ranking. There
are methods inspired by adversarial learning. For instance,
a binary classifier can be trained to discriminate whether
an example belongs to the labeled or unlabeled set [14],
[32]. Adversarial examples have been used, being matched
to the nearest unlabeled example [24] or added to the labeled
pool [10].

It has been observed however that deep networks can
perform similarly regardless of the acquisition function [14],
[8], which we further investigate here. Ensemble and Bayesian
methods [11], [2], [8] target representing model uncertainty,
which than can be used by different acquisition functions. This
idea is orthogonal to acquisition strategies. In fact, [2], [8]
show that the gain of ensemble models is more pronounced
than the gain of any acquisition strategy. Of course, ensemble

and Bayesian methods are more expensive than single models.

Approximations include for instance a single model producing
different outputs by dropout [ 1]. Our idea of using all data

during model training is also orthogonal to acquisition strategies.

It is also more expensive than using labeled data alone, but
the gain is spectacular in this case. This allows the use of
much smaller label budget for the same accuracy, which is the
essence of active learning.

Semi-supervised active learning has a long history [25], [26],
[42], [40], [22]. A recent deep learning approach acquires
the least certain unlabeled examples for labeling and at the
same time assigns predicted pseudo-labels to most certain
examples [35]. This does not always help [10]. In some cases,
semi-supervised algorithms are incorporated as part of an active
learning evaluation [21], [30]. A comparative study suggests
that semi-supervised learning does not significantly improve
over active learning, despite its additional cost due to training
on more data [11]. We show that this is clearly not the case,
using a state of the art semi-supervised method [15] that is
an inductive version of label propagation [38]. This is related
to [41], [42], [22], which however are limited to transductive
learning.

Unsupervised feature learning. A number of unsupervised
feature learning approaches pair matching images to learn
the representation using a siamese architecture. These pairs
can come as fragments of the same image [9], [28] or as a
result of tracking in video [36]. Alternatively, the network is
trained on an artificial task like image rotation prediction [13]
or even matching images to a noisy target [4]. The latter is
conceptually related to deep clustering [5], the approach we use
in this work, where the network learns targets resulting from
unsupervised clustering. It is interesting that in the context of
semi-supervised learning, unsupervised pre-training has been

recently investigated by [29], with results are consistent with
ours. However, the use of unsupervised pre-training in deep
active learning remains unexplored.

III. PROBLEM FORMULATION AND BACKGROUND

Problem. We are given a set X := {x; };ez C X of n examples
where Z := [n] := {1,...,n} and, initially, a collection y :=
(yi)icL, of b labels y; € C for i € Lo, where C := [] is a set
of ¢ classes and Lo C 7 a set of indices with |Lg| = b < n.
The goal of active learning (AL) [31] is to train a classifier
in cycles, where in cycle j = 0,1,... we use a collection y;
of labels for training, and then we acquire (or sample) a new
batch S of indices with |S;| = b to label the corresponding
examples for the next cycle j+1. Let L; := L; _1US;_1 CT
be the set of indices of labeled examples in cycle 7 > 1 and
Uj =1 \ L; the indices of the unlabeled examples for j > 0.
Then y; := (y;)ier, are the labels in cycle j and S; C Uj is
selected from the unlabeled examples. To keep notation simple,
we will refer to a single cycle in the following, dropping
subscripts j.

Classifier learning. The classifier fo X — R¢ with
parameters €, maps new examples to a vector of probabilities
per class. Given x € &, its prediction is the class of maximum
probability

= 1
m(p) := arg max p, (1)

where pj is the k-th element of vector p := fp(x). As a
by-product of learning parameters f, we have access to an
embedding function ¢g : X — R, mapping an example x € X
to a feature vector ¢y(x). For instance, fy may be a linear
classifier on top of features obtained by ¢y.

In a typical active learning scenario, given a set of indices
L of labeled examples and labels y, the parameters 6 of the
classifier are learned by minimizing the cost function

J(X,L,y;@) = Zg(fﬁ(xi)»yi)a (2

iel
on labeled examples x; for ¢ € L, where cross-entropy
{(p,y) := —logp, forpe RS,y C.

Acquisition. Given the set of indices U of unlabeled examples
and the parameters 6 resulting from training, one typically
acquires a new batch by initializing S < () and then greedily
updating by

S« SU{a(X,LUS,U\S,y;0)} 3)

until |S| > b. Here a is an acquisition (or sampling) function,
each time selecting one example from U \ S. For each i € S,
the corresponding example x; is then given as query to an
oracle (often a human expert), who returns a label y; to be
used in the next cycle.

Geometry. Given parameters 6, a simple acquisition strategy
is to use the geometry of examples in the feature space Fy :=
¢o(X), without considering the classifier. Each example x;



is represented by the feature vector ¢g(x;) for i € Z. One
particular example is the function [12], [30]

a(X,L,U,y;0) := arg max min [po(x:), po(xx)ll, (4

each time selecting the unlabeled example in U that is the
most distant to its nearest labeled or previously acquired
example in L. Such geometric approaches are inherently related
to clustering. For instance, k-means++ [1] is a probabilistic
version of (4).

Uncertainty. A common acquisition strategy that considers

the classifier is some measure of uncertainty in its prediction.

Given a vector of probabilities p, one such measure is the
entropy

H(p) := = prlogps, ©)
k=1

taking values in [0, log ¢]. Given parameters 6, each example

x; is represented by the vector of probabilities fy(x;) fori € Z.

Then, acquisition is defined by

a(X,L,U,y;0) := argr_rgH(fe(xi)), (6)

effectively selecting the b most uncertain unlabeled examples
for labeling.

Pseudo-labels. It is possible to use more data than the labeled
examples while learning. In [35] for example, given indices
L, U of labeled and unlabeled examples respectively and
parameters #, one represents example x; by p; := fo(x;),
selects the most certain unlabeled examples

L:={icU:H(p;) <e}, (7)

and assigns pseudo-label §j; :== m(p;) by (1) for i € L. The
same cost function J defined by (2) can now be used by
augmenting L to L U Landy to (y,¥), where ¥ := (9;)
This augmentation occurs once per cycle in [35]. This is an
example of active semi-supervised learning.

Transductive label propagation [38] refers to graph-based,
semi-supervised learning. A nearest neighbor graph of the
dataset X is used, represented by a symmetric non-negative
n X n adjacency matrix W with zero diagonal. This matrix
is symmetrically normalized as W := D~'/2W D~1/2, where
D := diag(W1) is the degree matrix and 1 is the all-ones
vector. The given labels y := (y;);c are represented by a
n X ¢ zero-one matrix Y := x(L,y) where row i is a c-vector
that is a one-hot encoding of label y; if example x; is labeled
and zero otherwise,

_J 1, ieLAy =k,

X(Ly)i = { 0, otherwise ®)
for i € Z and k € C. [38] define the n X ¢ matrix P :=
n[h(Y)]!, where

h(Y):=(1—a) —aWw) 'Y, )

'We denote by n[A] := diag(A1)~' A and n[a] := (a’ 1)~ a the (row-
wise) ¢1-normalization of nonnegative matrix A and vector a respectively.

iel:

I is the n x n identity matrix, and o € [0,1) is a parameter.
The i-th row p; of P represents a vector of class probabilities
of unlabeled example x;, and a prediction can be made by
m(pi) (1) for i € U. This method is transductive because it
cannot make predictions on previously unseen data without
access to the original data X.

Inductive label propagation. Although the previous methods
do not apply to unseen data by themselves, the predictions
made on X can again be used as pseudo-labels to train a
classifier. This is done in [I5], applied to semi-supervised
learning. Like [35], a pseudo-label is generated for unlabeled
example x; as ¢; := 7(p;) by (1), only now p; is the i-th row of
the result P of label propagation according to (9) rather than the
classifier output fy(x;). Unlike [35], all unlabeled examples are
pseudo-labeled and an additional cost term J,, (X, U, y;0) :=
> icu wil(fo(x:),9:) applies to those examples, where y :=
(4:)icv and w; := B(p;) is a weight reflecting the certainty
in the prediction of ;:

B(p) =1

Unlike [35], the graph and the pseudo-labels are updated once
per epoch during learning in [15], where there are no cycles.

_ H(p)
loge

(10)

Unsupervised feature learning. Finally, it is possible to
train an embedding function in an unsupervised fashion. A
simple method that does not make any assumption on the
nature or structure of the data is [5]. Simply put, starting
by randomly initialized parameters 6, the data ¢o(X) are
clustered by k-means, each example is assigned to the nearest
centroid, clusters and assignments are treated as classes C
and pseudo-labels y respectively, and learning takes place
according to J(X,Z,y,0) (2). By updating the parameters 6,
¢9(X) is updated too. The method therefore alternates between
clustering/pseudo-labeling and feature learning, typically once
per epoch.

IV. TRAINING THE MODEL ON UNLABELED DATA

We argue that acquiring examples for labeling is not making
the best use of unlabeled data: unlabeled data should be
used during model training, appearing in the cost function
that is being minimized. We choose two ways of doing so:
unsupervised feature learning and semi-supervised learning. As
outlined in algorithm 1, we follow the standard active learning
setup, adding unsupervised pre-training at the beginning and
replacing supervised learning on L by semi-supervised learning
on LUU at each cycle. The individual components are discussed
in more detail below.

Unsupervised pre-training (PRE) takes place at the beginning
of the algorithm. We follow [5], randomly initializing 6 and
then alternating between clustering the features ¢g(X) by k-
means and learning on cluster assignment pseudo-labels y
of X according to J(X,Z,y,0) (2). The result is a set of
parameters 6y used to initialize the classifier at every cycle.

Learning per cycle follows inductive label propagation [15].
This consists of supervised learning followed by alternating
label propagation and semi-supervised learning on all examples



L U U at every epoch. The supervised learning (SUP) is
performed on the labeled examples L only using labels y,
according to J(X,L,y,0) (2), where the parameters 6 are
initialized by 6.

Label propagation (LP) involves a reciprocal k-nearest
neighbor graph on features ¢g(X) [15]. As in [38], the resulting
affinity matrix W is normalized as W := D~'/2WD~1/2,
Label propagation is then performed according to P =
n[h(Y)] (9), by solving the corresponding linear system using
the conjugate gradient (CG) method [15]. The label matrix
Y := x(L,y) (8) is defined on the true labeled examples L
that remain fixed over epochs but grow over cycles. With p;
being the i-th row of P, a pseudo-label §; = w(p;) (1) and a
weight w; = B(p;) (10) are defined for every ¢ € U [15].

Algorithm 1: Semi-supervised active learning

Data: data X, indices of labeled examples L, labels y,
batch size b
1t U+ TZ\L
2 0 < PRE(X)
3 forj €{0,...} do
4 0 « sup(X, L,y;0p)

> indices of unlabeled examples
> unsupervised pre-training

> active learning cycles
> supervised learning on L

5 forec {1,...} do > epochs
6 (y,w) < LP(X, L,y,0) > pseudo-labels y

> labels w
7 0« SEMI(X, LUU,(y,y),w;0)

> semi-supervised learning on L U U

8 | S« 0
9 | while |S| <bdo > acquire a batch S C U
10 | S« SUa(X,LUS,U\S,y;0)

1 y < (y,LABEL(S))

12 ¥L<—LUS;U<—U\S

> obtain true labels on S
> update indices

Semi-supervised learning (SEMI) takes place on all examples
LUU =7, where examples in L have true labels y and exam-
ples in U pseudo-labels ¥ := (§;);cv. Different than [15], we
minimize the standard cost function J(X, LUU, (y,y),0) (2),
but we do take weights w := (w;);cy into account in mini-
batch sampling, ¢;-normalized as n[w]. In particular, part of
each mini-batch is drawn uniformly at random from L, while
the other part is drawn with replacement from the discrete
distribution n{w] on U: an example may be drawn more than
once per epoch or never.

Discussion. The above probabilistic weighting decouples the
size of the epoch from n and indeed we experiment with
epochs smaller than n, accelerating learning compared to [15].
It is similar to importance sampling, which is typically based
on loss values [16], [7] or predicted class probabilities [37].
Acceleration is important as training on all examples is more
expensive than just the labeled ones, and is repeated at every
cycle. On the contrary, unsupervised pre-trained only occurs
once at the beginning.

The particular choice of components is not important: any
unsupervised representation learning could replace [5] in line 2

TABLE I
DATASETS USED IN THIS PAPER, INCLUDING THE MINI-BATCH SIZES FOR
TRAINING WITH AND WITHOUT SEMI, ACQUISITION SIZE AT EACH ACTIVE
LEARNING STEP AND THE TOTAL NUMBER OF LABELED IMAGES.

Data size  Image  Mini-batch size Budget Total

train / test size w/0 SEMI/SEMI labels
MNIST 60k / 10k 28 x 28 10 / 64 10 50
SVHN 73k / 26k 32 x 32 32/128 100 500
CIFAR-10 50k / 10k 32 x 32 327128 100 500
CIFAR-10 50k / 10k 32 x 32 32/128 1k Sk
CIFAR-100 50k / 10k 32 x 32 32/128 1k 5k

and any semi-supervised learning could replace [ 5] in lines 4-

7 of algorithm 1. We keep the pipeline as simple as possible,
facilitating comparisons with more effective choices in the
future.

V. INVESTIGATING MANIFOLD SIMILARITY IN THE
ACQUISITION FUNCTION

Label propagation [38], [15] is based on the manifold
structure of the feature space, as captured by the normalized
affinity matrix W/. Rather than just using this information for
propagating labels to unlabeled examples, can we use it in the
acquisition function as well? This is important in interpreting
the effect of semi-supervised learning in algorithm 1: is any
gain due to the use of manifold similarity, or to training the
model on more data?

Joint label propagation (JLP), introduced here, is an attempt
to answer these questions. It is an acquisition function similar
in nature to the geometric approach (4), with Euclidean distance
replaced by manifold similarity. In particular, the n-vector Y1,
the row-wise sum of Y = x(L,y) (8), can be expressed as
Y1.=46(L) € R", where

1, i€ L,
0(L)i = { 0, otherwise

for i € Z. Hence, in the terminology of manifold ranking [39],
vector Y1, represents a set of queries, one for each example
x; for i € L, and the i-th element of the n-vector h(Y)1,.
in (9) expresses the manifold similarity of x; to the queries for
1 € Z. Similar to (4), we acquire the example in U that is the
least similar to examples in L that are labeled or previously
acquired:

(1)

a(X,L,U,y;0) := argmin(h(§(L)));.

icU

(12)

This strategy is only geometric and bears similarities to

discriminative active learning [14], which learns a binary

classifier to discriminate labeled from unlabeled examples and

acquires examples of least confidence in the “labeled” class.
VI. EXPERIMENTS

A. Experimental setup

All the implementation was done in PyTorch. The code to
reproduce the results was made available to the public’.

Zhttps://github.com/osimeoni/RethinkingDeepActiveLearning
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Fig. 1. Average accuracy vs. cycle on different setups and acquisition strategies.

Datasets. We conduct experiments on four datasets that
are most often used in deep active learning: MNIST [20],
SVHN [27], CIFAR-10 and CIFAR-100 [17]. Table I presents
statistics of the datasets. Following [33], [15], we augment input
images by 4 x 4 random translations and random horizontal
flips.

Networks and training. For all experiments we use a 13-layer
convolutional network used previously in [18]. We train the
model from scratch at each active learning cycle, using SGD
with momentum of 0.9 for 200 epochs. An initial learning rate
of 0.2 is decayed by cosine annealing [23], scheduled to reach
zero at 210 epochs. The mini-batch size is 32 for standard
training and 128 when SEMI is used, except for MNIST where
the size of the mini-batch 10 and 64 with SEMI. All other
parameters follow [33].

Unsupervised pre-training. We use k-means as the clustering
algorithm and follow the settings of [5]. The model is trained
for 250 epochs on the respective datasets.

Semi-supervised learning. Following [15], we construct a
reciprocal k-nearest neighbor graph on features ¢q(X), with
k = 50 neighbors and similarity function s(u,v) := [a'v]3
for u,v € R4, where 1 is the ¢y-normalized counterpart of u,
while v = 0.99 in (9). We follow [15] in splitting mini-batches
into two parts: 50 examples (10 for MNIST) are labeled and
the remaining pseudo-labeled. For the latter, we draw examples
using normalized weights as a discrete distribution. The epoch
ends when % |U| pseudo-labels have been drawn, that is the
epoch is 50% compared to [15]. Given that |L| < |U| in most
cases, the labeled examples are typically repeated more than
once.
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Fig. 2. Average accuracy vs. cycle on different setups and acquisition strategies
with unsupervised pre-training (PRE).

Acquisition strategies. We evaluate our new acquisition
strategy jLP along with the following baselines: (a) Random;
(b) Uncertainty based on entropy (5); (c) CEAL [35], combining
entropy with pseudo-labels (7); (d) the greedy version of
CoreSet (4) [30], [12].

Baselines. For all acquisition strategies, we show results of the
complete algorithm 1 as well as the the standard baseline, that
is without pre-training and only fully supervised on labeled
examples L, and unsupervised pre-training (PRE) alone without
semi-supervised. In some cases, we show semi-supervised
(SEMI) alone. For instance, in the scenario of 100 labels per
class, the effect of pre-training is small, especially in the
presence of semi-supervised. CEAL [35] is a baseline with
its own pseudo-labels, so we do not combine it with semi-
supervised. The length of the epoch is fixed for algorithm 1
and increases with each cycle.

Label budget and cycles. We consider three different scenar-
i0s, as shown in Table I. In the first, we use an initial balanced
label set Ly of 10 labels per class, translating into a total of
100 for CIFAR-10 and SVHN and 1000 for CIFAR-100. We
use the same values as label budget b for all cycles. In the
second, we use initially 100 labels per class in CIFAR-10 with
b = 1000 per cycle; this is not interesting for CIFAR-100 as
it results in complete labeling of the training set after 4 cycles.
Finally, we investigate the use of one label per class both as
the initial set and the label budget, on MNIST, translating to
10 labels per cycle. All experiments are carried out for 5 cycles
and repeated 5 times using different initial label sets Ly. We
report average accuracy and standard deviation.
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B. Standard baseline results

We first evaluate acquisition functions without using any
unlabeled data. Figure 1 presents results on SVHN, CIFAR-10
and CIFAR-100. The differences between acquisition functions
are not significant, except when compared to Random. On
SVHN, Random appears to be considerably better than the other
acquisition functions and worse on CIFAR-10 with b = 1000.
All the other acquisition functions give near identical results;
in particular, there is no clear winner in the case of 10 labels
per class on CIFAR-10 and CIFAR-100 (Figure 1(b) and (d),
respectively). This confirms similar observations made in [14]
and [8]. Our jLP is no exception, giving results similar to the
other acquisition functions.

C. The effect of unsupervised pre-training

As shown in Figure 2, pre-training can be beneficial.
PRE by itself brings substantial gain on SVHN and CIFAR-
10 with b = 100, up to 6%, while the improvements on
CIFAR-100 are moderate. In addition, numerical results in
Table II for the Uncertainty and jLP acquisition strategies show
that PRE is beneficial either with or without SEMI in most
cases. Pre-training provides a relatively easy and cost-effective
improvement. It is performed only once at the beginning of
the active learning process. While [5] was originally tested on
large datasets like ImageNet or YFCC100M, we show that it
can be beneficial even on smaller datasets like CIFAR-10 or
SVHN.

D. The effect of semi-supervised learning

Figure 3 shows results on different datasets and acquisition
strategies like Figure 2, but including both PRE and PRE +
SEMI. To facilitate reproducibility, numerical results, including
average and standard deviation, are given in Table III for SVHN,
CIFAR-10 and CIFAR-100 and for all cycles.

The combination PRE + SEMI yields a further significant
improvement over PRE and the standard baseline, on all
acquisition functions and datasets. For instance, on CIFAR-10

TABLE II
ABLATION STUDY. EVALUATION OF RESULTS OBTAINED WITH
UNCERTAINTY AND JLP WHILE ADDING PRE AND/OR SEMI.

DATASET CIFAR-10 CIFAR-100
BUDGET b =100 b = 1000
METHOD Uncertainty jLP Uncertainty jLP
CYCLE O

29.17+162  29.17+162 19.63+099 19.63+0.99
+ PRE 35.20+226 35.20+226 23.71+0s6 23.71+036
+ SEMI 37814184  36.73+570 25314001  25.06+1.44
+ PRE + SEMI  41.47+322  38.05+292  27.39+094  27.04+0.78
CYCLE 1

37.59+193  38.86+136  32.09+150  32.16+1.98
+ PRE 40.56+221 42.07+074 34544070  33.48+052
+ SEMI 46.58+459  46.76+327  36.73+129  37.99+247
+ PRE + SEMI  46.04+278  48.66+264  38.88+111  40.30+1s3
CYCLE 2

43.66+1517  42.30+161 40.43+063  40.65+121
+ PRE 44.02+1.73 47.99+1.17 41.044027  40.81+040
+ SEMI 52.594225  51.53+302  45.88+311 46.39+149
+ PRE + SEMI  52.044246  51.18+180  46.30+112  47.03+0.47

with a budget of 100, the most noticeable improvement comes
from Random, where the improvement of PRE + SEMI is around
15% over the standard baseline at all cycles. The improvement
is around 10% in most other cases, which is by far greater
than any potential difference between the acquisition methods.
Also, noticeably, in the case of SVHN, Random with PRE +
SEMI reaches nearly the fully supervised accuracy after just 2
cycles (300 labeled examples in total).

The gain from semi-supervised learning is dramatic in the
few-labels regime of CIFAR-10 with b = 100. A single cycle
with PRE + SEMI achieves the accuracy of 4 cycles of the
standard baseline in this case, which translates to a significant
reduction of cost for human annotation.

In Table II we present the effect of all four combinations:
with/without PRE and with/without SEMI. We focus on two
acquisition strategies, Uncertainty and our jLP which has



TABLE III
AVERAGE ACCURACY AND STANDARD DEVIATION FOR DIFFERENT LABEL BUDGET b AND CYCLE ON CIFAR-10 AND CIFAR-100. FOLLOWING
ALGORITHM 1, WE SHOW THE EFFECT OF UNSUPERVISED PRE-TRAINING (PRE) AND SEMI-SUPERVISED LEARNING (SEMI) COMPARED TO THE STANDARD
BASELINE.

METHOD CIFAR-10, b = 100 CIFAR-10, b = 1000 CIFAR-100, b = 1000 SVHN, b = 100
PRE v v v v v v
SEMI v v v v
CYCLEO 100 LABELS 1K LABELS 1K LABELS 100 LABELS
Random 29.17+162 35204226  39.844263 63.61+142 78.85+086 19.63+099 23.71+086 27.46+0.52 18.004+247  23.83+4.63 19.01+5.61
CYCLE 1 200 LABELS 2K LABELS 2K LABELS 200 LABELS
Random 36.66+1.08  41.76+132  50.694+295  75.09+051 83.494081 32.44+169 34.884090 40.65+063 45954197 53.87+543  81.25+4s2
Uncertainty ~ 37.594+193  40.564221  46.04+278  76.22+068 84.94+035 32.09+150 34.544070 38.88+111  31.63+197  51.524+236  37.84+21.00
CoreSet 39.23+117  43.04+092 48.08+164 76.44+034 84984019 32.05+140 33.95+057 39.63+070  35.394716  52.49+576  51.80+10.62
CEAL 38.924+200 39.74+1.72 - 76.52+0.73 - 31.594093  33.78+039 - 38214270  44.04+456 -
jLP (ours) 38.86+136  42.07+074 48.664264 75744039  84.624+047 32.16+198 33484052 40.30+153  34.04+475  46.78+518  54.88+22.90
CYCLE 2 300 LABELS 3K LABELS 3K LABELS 300 LABELS
Random 42.12+183  4631+140 58.72+404 79454056  85.33+042  42.45+090 42.37+053 47424053 62.05+323 64.88+493  89.05+2.07
Uncertainty ~ 43.66+157 44.02+173  52.044246  81.264030 87.65+029 40.43+063 41.04+027 46.30+112  44.094+1349  63.85+355  64.144636
CoreSet 43.01+2.14  47.00+257  50.85+423  8l.114061 87.21+031 41324070 40.47+038 46.74+100 52.594920 67.23+3.01 73.88+13.94
CEAL 41.74+115  44.9242.09 - 81.37+054 - 41.19+4041  41.55+0.45 - 51.53+593  63.58+2.80 -
jLP (ours) 42.30+161  47.99+117  51.18+180 80.974040 87.16+044 40.65+121  40.81+040 47.03+047 44.74+1750 58.43+982  66.68+13.91
CYCLE 3 400 LABELS 4K LABELS 4K LABELS 400 LABELS
Random 45914163  50.63+059 62.37+141  82.33+021 86.66+021 47.85+084 47.54+063 50.38+025  70.28+167  72.50+205  90.69+0.73
Uncertainty — 47.89+178  50.03+138 55474210 84.47+049  89.32+024  47.26+079 46394081  50.42+024 66214368  70.90+248  56.60+5.69
CoreSet 46.75+241 51404199  56.93+290 84.274036  88.754+045 46224039 46.34+092  50.85+032  63.534+634  71.79+4358  75.88+6.95
CEAL 45.55+239  49.73+1.82 - 84.0540.44 - 46.34+044  46.674038 - 66.48+280  68.95+2.06 -
JLP (ours) 45494171 51.544124  56.67+258  83.824002 88.85+038 46.524099 45.94+044  50.90+067  63.334+950  71.20+293  73.28+11.69
CYCLE 4 500 LABELS 5K LABELS 5K LABELS 500 LABELS
Random 50.94+175 55314128 64.35+137 84.104010 87.23+021 51.43+056 51.40+047 53584064  75.78+190  77.93+155  91.44+0.80
Uncertainty  49.73+220  53.17+152  60.71+277  86.49+019 90.42+028 50.83+031 49.90+082  52.20+050  68.04+658  76.70+1.11 554241049
CoreSet 50.11+140 54174040  62.944241  86.39+036  90.33+0.3  50.48+084  49.544095 53.67+129 66.17+1611  75.114340  72.51+£9.99
CEAL 48.14+124  53.46+1.27 - 86.3140.23 - 50.624+028  50.18+0.60 - 66.14+1442  T4.48+1.98 -
jLP (ours) 48934222 53.89+142  59.83+402 85944038 89.91+028 50.244093  50.204044 53374064  60.1242006  75.334+144 729841201
similar performance as all other strategies, but uses manifold Random CoreSet Uncertainty
similarity just like SEMI. In most cases, PRE improves over jLP CEAL —a— + SEMI
SEMI alone by around 2%. The use of PRE appears to be 100 [ T T T =
particularly beneficial in the first cycles, while its impact
decreases as the model performance improves. = 80
. . . Q
It is worth noting that CEAL, which makes use of pseudo- £
labels, has a low performance. This has been observed before g 60"
[10] and can be attributed to the fact that it is using the same &
set of pseudo-labels in every epoch. By contrast, pseudo-labels S
. . < 40
are updated in every epoch in our case.
. . 20 | | |
E. Label propagation with one label per class 0 1 2 3 4
cycle

Since PRE and SEMI have a significant gain in classification
accuracy, it is reasonable to attempt even fewer labeled
examples than in previous work on active learning. We
investigate the extreme case of one label per class using
MNIST as a benchmark, that is, label budget at each cycle
is equal to the number of classes. Figure 4 shows results on
all acquisition strategies with and without SEMI. As in the
previous experiments, there is no consistent winner among
the selection strategies alone, and accuracy remain below 80%
after 5 cycles (50 labels in total) without SEMI. By contrast,
Random with SEMI arrives at 90.89% accuracy after two cycles
(20 labeled examples), which is 40% better than without SEMI.

MNIST (b = 10)

Fig. 4. Average accuracy vs. cycle on different setups and acquisition strategies.

VII. DISCUSSION

In this work, we have shown the benefit of using both labeled
and unlabeled data during model training in deep active learning
for image classification. This leads to a more accurate model
while requiring less labeled data, which is in itself one of the
main objectives of active learning. We have used two particular
choices for unsupervised feature learning and semi-supervised



learning as components in our pipeline. There are several state
of the art methods that could be used for the same purpose, for
instance [33], [34], [3], [29] for semi-supervised learning. Our
pipeline is as simple as possible, facilitating comparisons with
more effective choices, which can only strengthen our results.

While the improvement from recent acquisition strategies
is marginal in many scenarios, an active learning approach
that uses unlabeled data for training and not just acquisition
appears to be a very good option for deep network models.
Our findings can have an impact on how deep active learning
is to be evaluated. For instance, the relative performance of
the Random baseline to other acquisition strategies depends
strongly on the label budget, the cycle and the presence of
pre-training and semi-supervised learning. If the objective is
best performance for least labels and the cost of labeling
is more important than the cost of model training, it makes
sense to evaluate new ideas in the presence of methods that
use unlabeled data during model training, since this always
improves performance by a large margin.

One may revisit the standard protocol of equal label budget
per cycle as well as the initial seed of labels, since active
learning is sensitive to the quality of the representation and
may be outperformed by the Random baseline when labels
are few, especially when using unlabeled data during model
training. If all training examples are used in each cycle, then
fine-tuning rather than training from scratch in each cycle
or even end-to-end training with all three components (active
learning, unsupervised, semi-supervised) rather than in different
stages are interesting directions to explore.
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