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BALD-VAE: Generative Active Learning
based on the Uncertainties of Both Labeled and Unlabeled Data
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Abstract— Deep learning has shown outstanding performances on real world problems, but acquiring sufficient labeled
data to train a model is still an on-going issue. Specifically,
manually labeling data is time-consuming and costly. One
approach to tackle this issue is active learning. Recently, poolbased methods and generative methods are widely studied
among various approaches of active learning. Especially in the
uncertainty pool-based methods, a small labeled data set and
a large unlabeled data set are given. A model is trained on the
labeled data set and then observes the unlabeled data set. The
trained model ranks the unlabeled data in order of uncertainty
to select the data which has the highest uncertainty. In the
generative methods, a generative model is used to generate
informative samples. In the previous studies of the uncertainty
pool-based active learning, however, the uncertainty of labeled
data was not considered. Thus, we propose a new Bayesian
active learning by disagreement with variational autoencoder
(BALD-VAE), which considers the uncertainty of labeled data
when generating informative samples. Basically following the
uncertainty pool-based active learning with BALD, the proposed algorithm also utilizes the concept of generative active
learning to generate informative data using VAE. Then, the
generated data complement the highly uncertain labeled data.
To demonstrate the effectiveness, the proposed method is tested
on MNIST and CIFAR10 data sets and shown to outperform
the previous algorithms.

I. INTRODUCTION
Deep learning has been proven to be applicable to various
fields including medical analysis [1], autonomous driving [2],
and face recognition [3]. However, one major problem is
that deep learning requires a large amount of labeled data
to train the algorithm [4]. Manually labeling large data set
demands significant human effort, and for this reason, active
learning [5], one branch of machine learning, has been studied. Applications of active learning to robotics [6], speech
recognition [7], and text classification [8] have significantly
reduced labeling costs with reasonable performances.
The basic concept of active learning is that if a model
has curiosity, i.e., the model can select data to label from
all the unlabeled data, then performance can be boosted
with much smaller labeled data [9]. Recent approaches
can be categorized as pool-based methods and generative
methods. Pool-based active learning [10]-[15] uses a special
acquisition function to select the most informative unlabeled
data, whereas generative active learning [16]-[18] uses a
generative model to generate informative samples.
For pool-based active learning, uncertainty is one of the
most representative standards to measure informativeness.
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Uncertainty is a probabilistic number like entropy [19] or
loss [12], and the higher uncertainty means the higher
informativeness. The algorithm of pool-based active learning
starts with a small labeled data set and a large pool of
unlabeled data set. A model is trained with the labeled data
set, and then the model observes the unlabeled data set and
ranks the unlabeled data set in order of uncertainty. Top-K
unlabeled data with high uncertainty are selected, labeled by
an oracle (can be a human annotator), and integrated into the
labeled data set. This process is repeated until achieving the
desired number of labeled data.
However, one issue here is that the concept of uncertainty
is only considered on the unlabeled data set. In this case,
the model resolves the uncertainty of unlabeled data by
requesting labels to an oracle and acquiring them. Similarly,
there may exist the uncertainty of labeled data, but without
a way to manage it. To deal with this issue, in this paper,
we propose Bayesian active learning by disagreement with
variational autoencoder (BALD-VAE) to handle the uncertainty of the labeled data for uncertainty pool-based active
learning, inspired by the generative active learning.
Selecting unlabeled data follows the flow of original
uncertainty pool-based active learning with Bayesian active
learning by disagreement (BALD) [20], and highly uncertain
labeled data is complemented by generated informative data.
The data generation is performed using separately trained
variational autoencoder (VAE) [21], which ensures the informativeness according to [18]. To verify the effectiveness
of BALD-VAE, experiments are conducted on MNIST and
CIFAR10 data sets.
The main contribution of this paper is that the proposed
BALD-VAE considers the uncertainty of the labeled data,
going further from the original framework of the uncertainty
pool-based active learning. And this paper is organized as
follows. Section II briefly summarizes related studies. In
Section III, the proposed BALD-VAE is developed mathematically. Section IV presents the experimental settings
and analysis of the results. Finally, Section V discusses the
limitation and the future work with concluding remarks.
II. R ELATED R ESEARCH
A. Uncertainty Pool-based Active Learning
Active learning has long been studied and various approaches have been suggested [9]. Among the methods, this
paper focuses on the uncertainty pool-based active learning,
which is the simplest and most commonly used. In this
framework, a model trained on a small labeled data set selects
and labels the most uncertain unlabeled data. Especially
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Fig. 1.

Overall structure of the proposed BALD-VAE.

in probabilistic models, the uncertainty can be expressed
straightforwardly with values like posterior probability under
the model parameters.
As an example, for the problem of binary classification, it
was presented that data with the posterior probability close to
0.5 is least certain [14]. Also, for the problems with three or
more labels, entropy was once the most popular uncertainty
measure [19]. Entropy is an information-theoretic value and
measures the amount of information that the distribution of
data requires to be represented. Therefore, higher entropy of
data means that more information should be provided for the
data, which is related to higher uncertainty.
More recently, BALD showed that the mutual information between predictions and model posterior could be the
measure of uncertainty [20]. This implies that unlabeled data
which is expected to maximize the information gained about
the model parameters are chosen to be labeled. BALD was
approximated with Monte Carlo (MC) dropout method for
deep active learning [22], and it was successfully shown
that this scheme worked well on image classification tasks
[10]. Accordingly, we use BALD as the uncertainty measure
for the proposed algorithm and experiments on MNIST and
CIFAR10 classification.
A method to use loss as the uncertainty is also suggested
[12]. By attaching a small module to a model, task-agnostic
and computationally efficient algorithm was achieved [12].
The module is jointly trained with the model and predicts
the loss of unlabeled data, where the top-K high loss data
is sampled. The method outperformed previous methods
on image classification, object detection, and human pose
estimation.
Nonetheless, the studies mentioned above do not consider the uncertainty of labeled data, and labeled data is

only used to train a model. In our proposed algorithm,
to consider the information from labeled data, uncertainty
for both labeled and unlabeled data are calculated. If the
uncertainty of labeled data is higher than that of unlabeled
data, complementing data is generated using the concept of
generative active learning.
B. Generative Active Learning
Recently, there have been several studies on generative
active learning with the development of generative models
like generative adversarial networks (GAN) [23] and VAE
[21]. Unlike uncertainty pool-based active learning, in the
framework of generative active learning, generative models
are applied to generate informative data.
In GAN based generative active learning, there are generative adversarial active learning (GAAL) [16] and adversarial
sampling for active learning (ASAL) [17]. GAAL was developed to balance the informativeness and the quality of the
generated data. This is done by pretraining GAN, solving
optimization based on uncertainty measure, generating data
with GAN and optimization solution, and labeling generated
data by human oracles. ASAL improved GAAL by adding
nearest neighbor components and achieved sub-linear runtime complexity.
On the other hand, VAE-ACGAN [18] is presented, which
is inspired by VAE [21], auxiliary-classifier generative adversarial networks (ACGAN) [24], Bayesian data augmentation
[25], and GAAL. VAE-ACGAN mathematically proved the
informativeness, i.e., similar degree of uncertainty of the
VAE generated data and devised a method to jointly train
the generative and classification models.
This paper is inspired by VAE-ACGAN, adopting the
proof of the informativeness of VAE generated data. For the
uncertain labeled data, VAE generated data complements the
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uncertainty following the argument of VAE-ACGAN that the
generated data is as informative as the original data.

A. The Overall Structure of BALD-VAE
Fig. 1 shows the overall structure of the proposed BALDVAE. Let us denote W, Ut , Lt , and Gt respectively as whole,
unlabeled, labeled, and generated data set at t-th acquisition
iteration. x and y are data and label respectively, and with
subscript u and l, (xu , ) ∈ Ut and (xl , yl ) ∈ Lt . MS
is a task model trained on some labeled data set S with
the parameter θ. a(x, MS ) is an acquisition function which
measures the uncertainty of x based on MS . e(·) and d(·)
respectively indicate an encoder and a decoder of VAE,
pretrained on W.
The overall procedure of the proposed BALD-VAE for
one acquisition iteration is as follows. The algorithm begins
with training a model with Lt ∪ Gt . Then the trained model
MLt ∪Gt observes x ∈ Lt ∪ Ut to measure and rank the uncertainty with a(x, MLt ∪Gt ). The most uncertain unlabeled
data x∗u is sampled from Ut , requested to be labeled by an
oracle (human annotation), and added to Lt . Lt becomes
Lt+1 by adding the data. If there exists a labeled data
x∗l ∈ Lt which has higher uncertainty than x∗u , x∗l pass
through the pretrained VAE to generate informative data x0l .
The generated data are merged to Gt to become Gt+1 and
support the uncertainty of labeled data. The left unlabeled
data becomes Ut+1 , and the procedure goes on until the N -th
acquisition iteration. More precise mathematical definitions
are explained in the following sections.
B. Bayesian Active Learning by Disagreement (BALD)
According to BALD [20], the most informative data x∗u is
selected from Ut by:
= argmax a(x, MLt ∪Gt )
x∈Ut

= argmax I[y, θ|x, Lt ∪ Gt ]

(1)

x∈Ut

= argmax[H[y|x, Lt ∪ Gt ] − Eθ∼p(θ|Lt ∪Gt ) [H[y|x, θ]]]
x∈Ut

where I[y, θ|x, Lt ∪ Gt ] denotes the mutual information between predictions and model posterior. H[y|x, ·] is Shannon
entropy [19] of y given data set Lt ∪Gt or model parameter θ,
and p(θ|Lt ∪Gt ) is model posterior. The selected data tries to
maximize information gain with regard to model parameters.
Then x∗u is labeled by an oracle with yu∗ , and Lt is updated
as follows:
Lt+1 ← Lt ∪ (x∗u , yu∗ ).

Suppose there exist x∗l ∈ Lt that
a(x∗l , MLt ∪Gt ) ≥ a(x∗u , MLt ∪Gt )

III. BALD-VAE

x∗u

C. Informativeness of Variational Autoencoder

(2)

Note that in real world problems or in experimental
settings, top-K informative data are selected for computational efficiency. That is, at each acquisition iterations, a(x, MLt ∪Gt ) values are calculated for all x ∈
Ut . Then data with top-K high uncertainty are chosen as
(x∗u1 , x∗u2 , . . . , x∗uK ) and labeled as (yu∗1 , yu∗2 , . . . , yu∗K )

(3)

(or a(x∗l , MLt ∪Gt ) ≥ a(x∗uK , MLt ∪Gt ) for the case of topK unlabeled data selection). This implies that for any x∗l
which satisfies (3), x∗l is labeled but has higher uncertainty
than the unlabeled data. To resolve the uncertainty of this
labeled data, generating informative data similar to x∗l can be
considered and VAE is applicable according to the argument
of recent research [18]. The process of training VAE is to
generate the sample by
x0l = d(e(x∗l ))

(4)
`(x∗l , d(e(x∗l )))

and minimizing the reconstruction loss of
[21]. Therefore, after large number of training epochs, the
following condition is satisfied:
||x0l − x∗l || < 

(5)

where  represents an arbitrary small positive constant.
Reviewing BALD, informativeness of the data is directly
related to the acquisition function a(x, MLt ∪Gt ). Therefore,
if a(x0l , MLt ∪Gt ) ≈ a(x∗l , MLt ∪Gt ), the generated sample is
as informative as the originally labeled data. This can be easily shown with the assumption that the gradient of the acquisition function with respect to x, ∇x a(x, MLt ∪Gt ) exists. By
applying the first order Taylor approximation, a(x0l , MLt ∪Gt )
becomes approximately equal to a(x∗l , MLt ∪Gt ) under (5)
that implies x0l ≈ x∗l as follows [18]:
a(x0l , MLt ∪Gt )
≈ a(x∗l , MLt ∪Gt ) + ∇x a(x∗l , MLt ∪Gt )T (x0l − x∗l )
≈ a(x∗l , MLt ∪Gt ).
(6)
Thus, generated x0l is able to support the informativeness
of uncertain x∗l . Note that to use generated x0l for training
a model, the label information yl0 is also required. As x∗l is
known to be labeled as yl∗ , and by (5), the label of x0l is
assumed to be the same with yl∗ , that is, yl0 = yl∗ [18]. Then,
the generated data set is updated as follows:
Gt+1 ← Gt ∪ (x0l , yl∗ ).

(7)

IV. E XPERIMENTS
To verify the proposed algorithm, experiments were performed on MNIST [26] and CIFAR10 [27] data sets for
the task of classification. Experimental settings, results, and
analysis are described below.
A. Experimental Setting
MNIST is composed of the grayscale images of handwritten digits from 0 to 9. The original 60,000 training
data composes the whole data set W, and our algorithm
was validated on 10,000 test data. The main elements in
the algorithm, which are VAE and a classification model,
were implemented using Pytorch official VAE and MNIST
example code [28].
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Fig. 2. Results of BALD-VAE, BALD-O, and VAE-All on MNIST with
top-100 selection per 20 acquisition iterations.

On MNIST, the algorithm starts with pretraining VAE
using W for 10 epochs. Acquiring labeled data from Ut
begins with 100 randomly sampled initial labeled data (L0 =
100), and ends when 2,100 labeled data (Lt = 2, 100)
are obtained. To analyze the effect of the selection batch
size on the algorithm, both of selecting top-100 per 20
acquisition iterations and top-500 per 4 acquisition iterations
were considered.
CIFAR10 is composed of the color images of 10 classes
with airplane, automobile, bird, cat, deer, dog, frog, horse,
ship and truck. Similar to MNIST, the original 50,000
training data is W and 10,000 test data is used for validation.
A classification model was built from pytorch official tutorial
code [28] and VAE was designed to be simple with 3
convolutional layers each for encoder and decoder.
Considering the complexity of CIFAR10 compared to
MNIST, more computational resources were provided. In advance, VAE was pretrained for 20 epochs. Acquiring labeled
data from Ut begins with 1,000 randomly sampled initial
labeled data (L0 = 1, 000), and ends when 21,000 labeled
data (Lt = 21, 000) are obtained. Top-1, 000 unlabeled data
is selected per 20 acquisition iterations.
The evaluation metric is a classification accuracy along
with the number of labeled data. The proposed algorithm,
BALD-VAE was compared with two other methods. One is
the previous BALD active learning method (BALD-O) [10].
The other is a method to generate and add samples of all
newly labeled data per acquisition iterations (from unlabeled
data) using VAE (VAE-All). While only uncertain labeled
data x∗l are used to generate x0l in BALD-VAE, all newly
labeled data x∗u are used without further consideration in
VAE-All. By the results of comparison with VAE-All, it was
shown that the improved performance of BALD-VAE was
from the efficient use of the uncertainty from the labeled
data in addition to data augmentation.
B. Experimental Results on MNIST
Fig. 2 shows the accuracy of BALD-VAE, BALD-O,
and VAE-All on MNIST with top-100 selection per 20

Fig. 3. Results of BALD-VAE and BALD-O on MNIST with top-500
selection per 4 acquisition iterations.

acquisition iterations. VAE-All showed the best performance
and the performance of BALD-VAE and BALD-O seemed
to be similar. However, one thing to note is the stability of
the training procedure. BALD-O and VAE-All both showed
significant drop of accuracy more than 0.1, whereas the
accuracy curve of BALD-VAE is rather smooth compared to
the other two. This implies that complementing the uncertain
labeled data is actually effective for stability. Despite the high
performance of VAE-All, the big drop of accuracy suggests
that abusing generated data might hinder training due to
unnecessary correlation between data. Therefore, it can be
concluded that improved performance of BALD-VAE does
not come merely from data augmentation, but from efficient
use of the uncertainty, especially from the labeled data.
Fig. 3 shows the accuracy of BALD-VAE and BALDO on MNIST with top-500 selection per 4 acquisition
iterations. In this setting, BALD-VAE outperformed BALDO. Unlike the results of Fig. 2 which showed up-and-down
between the two algorithms, the accuracy of BALD-VAE
was higher with increased selection batch size. One analysis
of this result is that BALD-VAE can handle the problem
of batch-mode active learning. Originally, active learning
selects unlabeled data one by one per acquisition iteration
for the best performance, since selecting top-K data at once
fails to consider the overlap in information [9]. However, as
iteratively training deep learning models is computationally
heavy, selecting top-K data is generally used at the cost of
performance. This performance drop of BALD-O may due to
the more uncertainty. i.e., not enough information because of
the overlap of labeled data. The results of Fig. 3 shows that
BALD-O has weak ability to compensate for the performance
drop by batch-mode active learning. On the other hand, by
complementing labeled data with VAE, BALD-VAE resolves
the uncertainty of labeled data, which leads to the better
accuracy.

9
Authorized licensed use limited to: Korea Advanced Inst of Science & Tech - KAIST. Downloaded on July 15,2021 at 10:18:01 UTC from IEEE Xplore. Restrictions apply.

by the Korea government(MSIT) (No.2016-0-00563, Research on Adaptive Machine Learning Technology Development for Intelligent Autonomous Digital Companion)
R EFERENCES

Fig. 4. Results of BALD-VAE, BALD-O, and VAE-All on CIFAR10 with
top-1, 000 selection per 20 acquisition iterations.

C. Experimental Results on CIFAR10
Fig. 4 shows the accuracy of BALD-VAE, BALD-O and
VAE-All on CIFAR10. Similar to the results of experiments
on MNIST, improved stability and performance can be
observed from the figure. A major difference with MNIST
experiments is that VAE-All showed worse performance
than BALD-VAE. This again suggests that the advantage of
BALD-VAE is not only due to data augmentation. The complexity of CIFAR10 data set might increase the complexity
of VAE to generate data, and using all generated data for
VAE-All was proven to be not helpful. However, BALD-VAE
wisely utilizes generated samples by considering uncertain
labeled data, and this leads to the boost of performance.
V. C ONCLUSION
In this paper, we proposed a new uncertainty based generative active learning algorithm, called BALD-VAE, and verified the effectiveness of the proposed BALD-VAE. Following
the flow of pool-based active learning with BALD, top-K
uncertain unlabeled data are selected to be labeled. And
then, if there exist labeled data that have higher uncertainty
than the unlabeled data, the uncertain labeled data are fed
into VAE to generate informative samples that can support
the labeled data. The experimental results on MNIST and
CIFAR10 data showed that the proposed algorithm not only
stabilizes the training procedure, but also compensates for
the accuracy drop by batch-mode active learning.
One limitation of the algorithm is that VAE and the task
model are separately trained. For the generated samples to
be more informative, VAE should be jointly trained with
the model so that those two become correlated and improve
the performance of each other. Therefore, the future work
is to design a jointly trainable algorithm. We also consider
applying the proposed algorithm to other data sets and tasks
in the further research.
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