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Abstract

Data labeling represents a major obstacle in the development of new models because the performance of machine learning
models directly depends on the quality of the datasets used to train these models and labeling requires substantial manual effort.
Labeling the entire dataset is not always necessary, and not every item from the image dataset contributes equally to the training
process. Active learning or guided labeling is one of the attempts to automate and speed up labeling as much as possible. In this
study we present a novel active learning algorithm (ALSCN) that contains two networks, convolutional neural network and self-
correcting neural network (SCN). The convolutional network is trained using only manually labeled data, and after training that
network it predicts labels for unlabeled items. The SCN network is trained with all available items, some of those items are
manually labeled and remaining items are automatically labeled with previous network. After training SCN network, it predicts
new labels for all available items, and the new labels are compared with the labels used for training. Items in which differences
have been identified are selected for manual labeling and then added to dataset of previously manually labeled items. After that,
the convolutional network is trained with extended dataset and previously described steps are repeated. Our experiments show
that the network trained using items selected by the proposed method exceeds the performance of a network trained with the same
number of items randomly selected from the set of available items. Items from the complete datasets are selected in several
iterations, and used for training the models. The accuracy of the models trained with selected items matched or exceeded the
accuracy of models trained with the entire dataset, which shows the extent of reduction in the required manual labeling effort. The
efficiency of presented algorithm is tested on three datasets (MNIST, Fashion MNIST and CIFAR-10). The final results show
that manual labeling is required for only 6.11% (3667/60,000), 23.92% (14,353/60,000) and 59.4% (29,704/50,000) items, in
case of MNIST, Fashion MNIST and CIFAR-10 dataset, respectively.
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1 Introduction of video/image analysis, Internet of things (I0T), industrial

control systems, self-driving vehicles, Internet, etc., where

Neural networks were discovered a long time ago, but their
wider practical applications began in the last decade, as a
result of the increase in the amount of available data and
computing power. Most of machine learning (ML) techniques
require large amounts of data, especially in the case of super-
vised learning. Accurate data labeling is a basic prerequisite
for many ML projects. Currently, ML is applied in the areas
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it is possible to collect a large amount of data in a short
period of time. A more challenging problem is to provide
the labeling of such data, if necessary [1]. Data labeling
represents a crucial prerequisite in the development of
new models because the performance of ML models direct-
ly depends on the quality of the input datasets used to train
these models.

One of the most popular types of neural networks today is
the convolutional neural network (CNN). They can be applied
to a wide variety of tasks such as computer vision, object
detection, image classification, pattern recognition, and scene
segmentation [2] [3]. In training neural networks for classifi-
cation tasks, it is usually necessary to provide a relatively large
dataset that contains labeled data [4]. Labeling the input
dataset for neural networks is a time-consuming, tedious and
often expensive process, especially if the labeling requires
expertise in a particular domain.
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Furthermore, labeling the entire dataset is not always nec-
essary, and not every item from the image dataset contributes
equally to the training process [5]. For example, if the distri-
bution of samples per classes is imbalanced, the priority in
labeling is commonly given to classes with a smaller number
of examples, so that all classes are more equally represented.
A network trained for classification is usually not equally
successful in identifying all classes of items. In theory, the
network caninitially be trained with a smaller dataset, and after
checking the efficiency of the prediction on test dataset, the
initial dataset can be extended with supplemental items from
problematic classes. After extension of the training dataset, the
network can be re-trained. Addition of the examples of classes
that are already successfully recognized would not significant-
ly increase the accuracy of the predictions [5] [6].

Ideally, the datasets used for training classification net-
works are expected to contain only items that are unambigu-
ous and accurately labeled. Unfortunately, in practice it is not
uncommon to find a fraction of problematic items (e.g. noise)
in the training datasets [7]. Considering that items are usually
manually labeled, errors can occur due to subjective assess-
ment and perception-related causes. Also, some datasets are
created by extracting images from social networks, where in-
dividual objects on such images are not always correctly la-
beled at the source. The presence of noise in the training
datasets can significantly reduce the accuracy of classification
even with the best classifiers, and the noise at labels is con-
sidered more harmful thanthe noise in inputs attributes [8, 9].

If the initial dataset contains incorrectly labeled items, in
order to improve the quality of the dataset the ambiguous
items should be identified, and if possible, reviewed and
corrected by an expert. Simply removing ambiguous items
from a dataset increases the risk of losing very important ex-
amples, which is especially problematic for small datasets.
Verifications, relabeling and cleaning such datasets from er-
rors could require a lot of effort [§]. The problem of missing
labels in datasets can be viewed as an extreme case of noisy
label data because models trained with smaller subset of la-
beled items can be used to predict labels for unlabeled items
[10, 11]. Self-error-correcting convolutional neural networks
(SEC-CNN) are a special class of neural networks that are
capable of dealing with the noisy labels problem. SEC net-
works can simultaneously correct improbable labels and opti-
mize the model by predicting new labels [10].

Active learning or guided labeling is one of the attempts
to automatize and speed up labeling as much as possible. Itis a
type of semi-supervised learning where a small part of labeled
items and significant amount of unlabeled data are used in the
process of training models [12—14]. The model is iteratively
trained, and the algorithm has the ability to select the data from
which it learns, so it can choose the most useful items from the
set of unlabeled data [15]. Also, the algorithm has the ability
to actively request human assistance when it is necessary to
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label selected items, see Fig. 1 [8, 16]. This approach does not
use the complete available dataset; it is especially useful in
situations where a lot of unlabeled data are available while
manual labeling is expensive [17].

There are three main approaches to how an active learning
algorithm can request human assistance [18]:

* The pool-based sampling scenario: in this approach the
learner is initially trained with a subset of available items
that have been manually labeled, and remaining instances
from the entire data pool will be used in evaluating how
accurately the model can classify the data. Then, the most
informative instances will be selected and sent to an an-
notator for labeling.

* The stream-based selective sampling scenario: in this
approach each unlabeled item is examined one-by-one
using initially trained model and the learner decides
whether to automatically assign a label or to ask for the
assistance from a human annotator for each item separate-
ly. In this approach the model can be trained after the
examination of each item.

* The membership query synthesis scenario: in this ap-
proach the learner can generate training instances; this can
be useful if the dataset is small.

In an ideal case, in each iteration the active learning algo-
rithm can select one item from a set of unlabeled items that
represents the best candidate for manual labeling; this is not
appropriate for models based on CNNs because the extension
of the training set with just one item usually does not make a
significant difference and usually it is computationally expen-
sive to train a model after each iteration [2].

The main idea in this study is that the active learning algo-
rithm can achieve a better accuracy if it has the freedom to
choose the items that will be used in training. Active learning
is based on the assumption that items in the dataset do not
have equal informative value, so adding new items that are
similar to items already existing in the dataset will not lead to
higher accuracy [6].

The approach used to determine which items from a set of
available data will be selected for labeling is called a query

Training
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Fig. 1 Active learning
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strategy [18]. Strategies that are used for the selection of un-
labeled items can be categorized into following groups:

* uncertainty sampling is a strategy for identifying unla-
beled items that are near a decision boundary [19, 20],
the following strategies are subcategories of uncertainty
sampling:

— least confidence strategy, one item with smallest confi-
dence in prediction will be selected for manual labeling in
the next learning iteration [21],

— margin sampling, algorithm selects items for manual la-
beling where highest similarity in predictions between
different classes is noticed [21],

—  entropy-based, priority for manual labeling is given to items
with the highest variance in their predictions, this approach
attempts to sequentially minimize the expected entropy
(uncertainty) of the labels for the unlabeled items [11],

* query-by-committee (QBC), in this approach several
models are trained with available labeled items, each of
those models are used to predict labels for unlabeled
items, the predicted labels are compared and the items
where differences appeared are selected for manual label-
ing [22],

* heuristic based algorithm, a strategy where sample selec-
tion is based on a heuristic objective function, for example
highest entropy or geometric distance to decision bound-
aries [23-26],

» expected model change, aims to select the instance that
would cause the greatest change in the current model if
we knew its label [18],

» expected error reduction, approach aims to measure how
likely it is to reduce generalization error [18],

» variance reduction, this approach aims to reduce general-
ization error by minimizing output variance indirectly
(18],

+ density-weighted methods, this approach aims to estimate
future errors and output variances by weighting items, the
main idea is that informative instances should not only be
those which are uncertain, but also those which are “rep-
resentative" of the underlying distribution [18].

The active learning using a self-correcting neural network
(ALSCN) method presented in this study exhibits certain sim-
ilarities with query-by-committee (QBC) and uncertainty
sampling.

In QBC approach several models are trained with labeled
items, each of these models predicting labels for unlabeled
items, predictions are compared, and differences are selected
for manual labeling. In the next iteration, the training dataset is
extended with new manually labeled items and previous steps
are repeated. In the ALSCN strategy presented in this study, the

model of self-correcting neural network is trained with all avail-
able items, a combination of manually and automatically la-
beled items, and this network is used to predict new labels for
the same items that have been used for training; comparing
labels used for training with predicted labels represents an at-
tempt to identify incorrectly labeled items. Items exhibiting
such differences are selected for manual labeling in next train-
ing iterations.

There is also a similarity with the method presented in the
study [10]. They are trying to automatically identify and cor-
rect mislabeled items at the training set using self-error-
correcting convolutional neural network (SEC CNN). In our
approach (ALSCN) for items that are identified as incorrectly
labeled, new labels will not be assigned automatically. For
such items the active learner framework will request confir-
mation from a human expert whether the identified item is
really incorrectly labeled or perhaps it is correctly labeled
but represents a marginal case.

2 Datasets

The efficiency of active learning using a self-correcting neural
network (ALSCN) method is evaluated at three publicly avail-
able and well-known datasets:

*  MNIST dataset that contains images of handwritten digits.
Dataset contains 70,000 28 % 28 grayscale images in 10
different classes, 60,000 for training images and 10,000
for testing. Each image is associated with a label
representing 10 classes (0-9).

*  MNIST Fashion dataset that contains images of clothing.
Dataset contains 70,000 28 x 28 grayscale images in 10
different classes, 60,000 for training images and 10,000
for testing. Each image is associated with a label from 10
classes: t-shirt/top, trouser, pullover, dress, coat, sandal,
shirt, sneaker, bag, and ankle boot.

* The CIFAR-10 dataset contains images of animals and
man-made objects. The CIFAR-10 dataset contains
60,000 32 x32 color images in 10 different classes,
50,000 for training images and 10,000 for testing. Each
of those images are associated with a label from 10 clas-
ses: airplanes, cars, birds, cats, deer, dogs, frogs, horses,
ships, and trucks.

Figure 2 shows example images from datasets MNIST,
Fashion MNIST, and CIFAR-10:

3 Network configuration

The ALSCN active learning method described in this research
is based on two convolutional networks that have different
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Fig. 2 Example images from
datasets MNIST, Fashion
MNIST, and CIFAR-10

MNIST dataset
Fashion MNIST dataset
CIFAR-10 dataset

roles. The first convolutional network is trained using only
manually labeled data. The second network represents a self-
correcting neural network (SCN); that network is trained using
all available items from the training data (combination of man-
ually and automatically labeled items). After the training, that
network predicts new labels for all available items from the
training set. Both of these networks have the same configura-
tion but their role in this framework is different, and they are
trained using different datasets. In the experiments described
in this research, convolutional networks with a similar config-
uration are used for all three datasets (MNIST, Fashion
MNIST and CIFAR-10), the only difference is in the dimen-
sions of the input matrices; the networks used for MNIST and
Fashion MNIST datasets take a 28%28%1 matrix as input,
while the network used for CIFAR-10 dataset expects
32x32x3 matrix, due to the color images. There are no other
differences at internal layers. The first convolutional layer
contains 16 3x3 kernels with ReLu activation, a max pooling
layer with a pooling size of 2x2, a dropout probability of 0.25,
next convolutional layer contains 32 3%3 kernels with ReLu
activation, a max pooling layer with a pooling size of 2x2, a
dropout probability of 0.25, convolutional layer contains 64
3x3 kernels with ReLu activation, a max pooling layer with a
pooling size of 2x2, a dropout probability of 0.25. These
convolutional layers are followed by fully connected layers:
fully connected layer with 128 output neurons, dropout layer
with dropout probability of 0.25, fully connected layer with 64
output neurons, dropout layer with dropout probability of 0.25,
fully connected layer with 32 output neurons, dropout layer
with a dropout probability of 0.25, and output layer containing
10 neurons, (Table 1 and Fig. 3). At all layers, except the last
one the ReLLU activation function is used. Adam is used as an
optimizer. The duration of training was limited at 350 epochs,
with two additional parameters: ReduceLROnPlateau with pa-
tience 10 and EarlyStopping with patience 25. Parameter
Reducel ROnPlateau reduces learning rate if there was no im-
provement of the accuracy on the validation dataset for 10
epochs. EarlyStopping interrupts training if there is no im-
provement of the accuracy on the validation dataset for 25
epochs.

Configuration of the network that we used in this paper is
presented in Table 1 and Fig. 3, but the ALSCN algorithm can
work with any network configuration that makes sense to
apply to such a dataset. The selection of parameters for the
networks used in the ALSCN method does not differ from the
selection of parameters for the networks to be used for
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training, as if we had such a dataset with labeled data. More
details on this will be presented in chapter 8 Variations of the
ALSCN algorithm and Fig. 13.

4 Description of iterative training process

Prior to training, the initial dataset was divided into training
and test subsets, following the common practice. The follow-
ing algorithm was applied only on items from the training
subset and it could reduce the number of items requiring man-
ual labeling.

The proposed algorithm contains two main parts, (a) ini-
tialization and (b) iterative part. In Figs. 4 and 5 processes are
tagged with labels (p1, p2, p3, p4, and p5), datasets are
tagged with labels (d1, d2, d3, d4, and d5), and some com-
mon errors are tagged with labels (el, e2).

In the initialization part, we start with the dataset without
labeled items (d1). A small group of items from the initial
dataset is randomly selected for manual labeling (p1), and
the results are saved as initial dataset (d2).

Table 1 Configuration of convolutional networks

Layer type Size Activation
Input for MNIST and Fashion MNIST 28x28x1

Input for CIFAR-10 32x32x3
Convolutional layer 16x3%3 ReLu
Max pooling layer 2x2

Dropout 0.25

Convolutional layer 32x3x%3 ReLu
Max pooling layer 2x2

Dropout 0.25

Convolutional layer 64x3x3 ReLu
Max pooling layer 2x2

Dropout 0.25

Fully connected 128 ReLu
Dropout 0.2

Fully connected 64 ReLu
Dropout 0.25

Fully connected 32 ReLu
Dropout 0.25

Fully connected 10 Sigmoid
Outputs 10

Content courtesy of Springer Nature, terms of use apply. Rights reserved.
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Fig. 3 Structure of convolutional
networks
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The iterative part begins with training the neural network
(p2) with items from dataset (d2). After training, the network
(p2) is used to predict labels for remaining unlabeled items
(automatically labeling items). This step creates the first ver-
sion of the dataset where all available items are labeled (d3).
Self-correcting network (p3) is trained with dataset (d3) that
contains manually and automatically labeled items. After the
training is completed this self-correcting network (p3) is used
to predict new labels for all items that are used for training that
network (manually and automatically labeled items), and this
step creates dataset (d4). By doing simple comparison be-
tween datasets (d3) and (d4) we can identify four groups of
items:

* Group (cl) contains items that are manually labeled (d3)
and their predicted value at (d4) match each other, and
those items represent the confirmation that network is suc-
cessfully trained to predict labels as it is expected,

* Group (c2) contains items that are automatically labeled
(d3) and their predicted value at (d4) match each other,

Fig. 4 Overview of the ALSCN

those items are considered just conditionally correct be-
cause they were not evaluated by a human; this group
usually contains a small percentage of items that are in-
correctly labeled, and in each subsequent iteration the
number of incorrectly labeled items decreases,

* Errors in the prediction in manually labeled items (el)
and,

» Errors that appear in automatically labeled items (e2).

In the proposed approach, the errors that appear in
manually labeled items (el) can be simply replaced with
correct values from the dataset with manually labeled
items (d2), especially because we used publicly available
and well-known datasets for which we can assume that
the items in these datasets are correctly labeled.
However, in a real-life situation, if an error appears in
the group of items that are previously manually labeled
(el) it could point to incorrectly labeled initial items.
Those items could be selected for double checking by a
human expert. Even more interesting are the errors in
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Fig. 5 Overview of the ALSCN algorithm for iterative training

automatically labeled items (e2) because those errors have
not been previously checked by a human, so all items
from that group should be manually checked and
corrected if necessary. All items that have been manually
checked in the previous step should be appended to the
dataset that contains manually labeled items (d2). That
represents the last step in the iterative part of this algo-
rithm and previously described steps are repeated in a
loop.

We can count errors in automatically labeled items (e2) that
need to be corrected, as a condition for the completion of such
a loop; if the number of such errors is less than a threshold or if
satisfactory results have been achieved, we can consider that
sufficient items from the training set are selected for manual
labeling. Furthermore, the networks at (p2) and (p3) can load
previously saved network parameters, which reduces training
time and increases accuracy. Networks trained in the previous
iteration can already accurately predict the labels for most
items from the new dataset in current iteration, so instead of
a training network from scratch it only needs to learn the
differences related to the previous iteration. This is especially
evident in later iterations when only a few items are detected
per iteration. Related to previous iteration: dataset (d2) is ex-
tended with new manually labeled items and in dataset (d3)
some of automatically labeled items are replaced with new
manually labeled items.

The main idea behind this approach is to detect as many
errors as possible in a group of automatically labeled items
(e2) in each iteration, and then ask human assistance to
resolve the issue. If the dataset used for network training
contains incorrectly labeled items, these items are usually
different from other items that belong to such a class, and
for a neural network it is usually more difficult to learn
mislabeled items.

In the next chapter we presented results of this method
applied on three different datasets.

@ Springer

5 Experiments on MNIST, FASHION MNIST
and CIFAR-10 datasets

In the following experiments selected to demonstrate the effi-
ciency of the proposed ALSCN method, convolutional net-
work is trained using manually labeled items and self-
correcting network is trained using combinations of manually
and automatically labeled items (initially unlabeled items).
Publicly available labeled datasets (MNIST, Fashion
MNIST, and CIFAR-10 respectively) were split into two sub-
sets; a smaller subset of it is used to train models, and the
remaining images are treated as unlabeled. The goal of the
experiment is to utilize active learning method in an attempt
to use as little labeled data as possible maintaining similar
prediction accuracy as in the case of using complete dataset.
MNIST dataset contains 70,000 labeled items, 10,000 of
those items are test data and other 60,000 can be used for
training network. In the following results, we consider that
items from the training dataset are not labeled. A script that
simulates human labeling by reading correct values from the
original dataset has been deployed. Initially, the script reads
labels for 1000 randomly selected items and those values are
saved in dataset (d2) that is used for training the network (p2).
After training is complete, the network can predict labels for
items from the training subset that are not labeled. The self-
correcting network (p3) is trained with the entire dataset
(60,000 items, combination of manually and automatically
labeled items (d3)), and after completing the training that net-
work predicts new labels for 1000 items that are manually
labeled and 59,000 automatically labeled items. Those new
predicted labels are written in a new dataset (d4). We can
identify items having equal values (c1, ¢2) and items where
predictions are different (el, €2) by comparing datasets (d3)
and (d4). Group (c1) contains items that are manually labeled,
and its predicted values are equal at datasets (d3) and (d4).
Group (el) contains items that are manually labeled in (d3)
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MNIST dataset
Fashion MINIST dataset
CIFAR-10 dataset

Fig. 6 Example of images selected for manual labeling

and their predicted values at (d4) do not match each other. In
this case it is clear that these values at (d4) are incorrectly
predicted and can be simply replaced by values from the
dataset (d3) that was manually labeled. In a real-life situation,
the items from group (el) may indicate incorrectly labeled
items, which could be double checked by a human expert.
The remaining two groups refer to the items that are auto-
matically labeled; in the group of items (e2) where the predict-
ed values from datasets (d3) and (d4) do not match, at least
one of these two values is not correct, but since both values are
automatically assigned, it is not possible to determine which
one is correct, so these items should be checked by a human
(or in this case by a script that replaces these values with the
correct one from the original dataset). The last group from
Figs. 4 and 5, marked as (¢2) contains items with equal values
in (d3) and (d4), and these items can be considered as condi-
tionally correctly labeled because these items at (d3) are au-
tomatically labeled. Some items belonging to group to group
(c2) are incorrectly labeled even if predicted values for those
items match in (d3) and (d4). In order to eliminate errors in
this data group, it is necessary to perform several iterations of
this algorithm. These items that are manually checked/
validated are removed from the unlabeled dataset and
appended to dataset (d2) that contains previously manually
labeled items. The examples of items selected for
manual labeling from group (e2) from datasets MNIST,
Fashion MNIST, and CIFAR-10, are presented in the Fig. 6,
which shows one such item from each class. The model usu-
ally incorrectly predicts labels if an item resembles items from
another category. For example, if we look through items from
the MNIST dataset, the expected value for the first item is 1,
but this item also looks like no. 7. Similar situation is with
items 4 (9), 5 (3) and 9 (5), these items being reminiscent of

numbers written in parentheses. In other cases when the items
were not correctly predicted, they were not clear or they do not
look like other items from the same class, item with numbers
no. 3 and no. 8 in the MNIST dataset. Another example that is
difficult to predict correctly is from the Fashion MNIST
dataset, where some images contain several objects.

To make the assessment of the effectiveness of this
method easier, a network with identical architecture is also
trained with the same number of randomly selected items as
a network trained with manually labeled items. Prediction
accuracy in the following images represents the number of
correctly classified images in relation to the number of test-
ed images. In Fig. 7 we present the accuracy of the predic-
tions according to the number of items used for training
within three different datasets (MNIST, Fashion MNIST,
and CIFAR-10):

* red line represents prediction accuracy of CNN network
(p2), that is trained with manually labeled items,

» green line represents prediction accuracy of the self-
correcting network (SCN) (p3), that is trained on manually
labeled items and automatically labeled items (number of
manually labeled items are shown at X axis),

* blue line represents average prediction accuracy of five
networks trained with the same number of randomly se-
lected items.

The results achieved using three datasets (MNIST, Fashion
MNIST and CIFAR-10) is presented in Table 2. The columns
show the results of CNN predictions that have been trained in
different ways. In the row “CNN, (manually labeled)" we
present the results of CNN network that are trained using only

Prediction accuracy at test items

MNIST

Fashion MNIST

et 77.00%

CIFAR 10

72.00%

67.00%

62.00%

57.00%

Prediction accuracy

——
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Fig. 7 Accuracy of predictions of items according to the number of items used for training neural network
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Table 2 Accuracy and number of errors at test (MNIST, Fashion MNIST and CIFAR-10)

MNIST
Iter Items Accuracy Errors
CNN, (manually labeled) 17 3667 99.06% 94
SCN, (automatically & manually) 31 4068 99.33% 67
All labeled 1 60000 99.05%  94.8

Fashion MNIST CIFAR-10
Iter Items Accuracy Errors Iter Items  Accuracy Errors
28 14353 90.07% 993 26 297 42 80.01% 1999
14538 89.20% 1080 25 29704 7841% 2159
60000 88.89%  1110.2 1 50000  74.29%  2570.6

Note. For all three datasets, the columns of the table contain the following values: the number of subjects used for training, the prediction accuracy of the
subjects from the test dataset and the number of incorrect predictions (errors) on 10,000 test items

items that are manually labeled. In the row “SCN, (automati-
cally & manually)" we present results of the self-correcting
network that are trained with all available items from training
set (60,000 for MNIST, Fashion MNIST, and 50,000 for
CIFAR-10); part of those items is manually labeled and re-
maining items are automatically labeled. In the row “all avail-
able items" we present results of network that are trained with
all items from the dataset that are available for training (the
best results in table are bolded).

Using the described algorithm, items from complete
datasets were selected in several iterations, and used for train-
ing network, and this procedure was repeated until similar or
better accuracy was achieved in relation to the results when a
complete dataset was used for training. Based on the obtained
results from MNIST dataset 6.11% (3667/60,000) items were
selected, from Fashion MNIST 23.92% (14,353/60,000)
items, and CIFAR-10 59.4% (29,704/50,000) items.

On all three graphs in Fig. 8, it can be noticed that after the
first iteration the highest prediction accuracy is achieved with
a neural network that is trained using manually labeled items.
In the subsequent iterations, the prediction accuracy of man-
ually labeled objects is lower than in the first iteration.
Considering that in each subsequent iteration we select items
that the network did not successfully recognize, and those
items are manually labeled by a human expert, and added to
the dataset of manually labeled items. In this way, after a few
iterations, we identify the most problematic cases from the

training set. It can be noticed that the accuracy in the predic-
tions of items that are automatically labeled is higher com-
pared to the items from the test set, and especially comparing
to manually labeled items. In all three figures the accuracy on
the automatically labeled items reached almost 100% after a
few sessions, even on CIFAR-10 which is way more complex
than the other two datasets.

The subplots in Fig. 9 show the number of the mismatched
items, identified after comparing datasets (d3) and (d4),
dataset (d3) used for a training network (p3), and dataset
(d4) that represent predictions of network (p3). Once the dif-
ferences are determined, a human expert reviews such items
and determines which of these two values is incorrect. Those
manually labeled items are written in dataset (d5) and
appended to a dataset (d2) containing manually labeled items.
The ALSCN algorithm identifies most of the problematic
items in the first few iterations, and later the number of such
items decreases.

In items that are manually reviewed, the percentage of de-
tected incorrectly labeled items in (d3) are presented in
Fig. 10. The number of items that the ALSCN algorithm se-
lects for manual labeling decreases over iterations (Fig. 9);
also the percentage of items that are incorrectly labeled in
dataset (d3) decreases (Fig. 10).

All the experiments are conducted on a common desktop
PC with Intel Core i9-9900 K 3.60Ghz CPU and a Nvidia
GeForce RTX 2070 GPU. Experiments with MNIST dataset

Prediction accuracy of self correcting network at training and test
Fashion MNIST

100.00%
e 95.00%

90.00%

©
g
8
X

CIFAR10

100.00%

90.00%

80.00%

Accuracy
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Number of manually labeled items used for network training

Fig. 8 Comparing accuracy of items per number of items used for
training neural network. Note. The blue line represents the prediction
accuracy for all items from the training set, the red line represents the
prediction accuracy for items from the test subset. The training subset can
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be divided into two categories: manually labeled items and automatically
labeled items. The prediction accuracy for manually labeled items is
represented by a yellow line, and the prediction accuracy for
automatically labeled items is represented by a green line
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Number of items manually labeled per training session

1000 L5 2500
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—8— Detected errors
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CIFAR10
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20 25 30 35 0 5 10 15 20 25 30 35

Training sessions

Fig. 9 Number of items selected for manual labeling per training session.
Note. Blue line “Manually labeled" represent the number of items where a
difference has been identified between (d3) and (d4). The number of

and 35 iterations take more than 6.5 h (approximately 5-
10 min per iteration), for Fashion MNIST and 38 iterations
it takes 9.5 h (approximately 10-25 min per iteration) and for
CIFAR-10 and 35 iterations it takes 45 h (approximately 1—
1.5 h per iteration) for the completion. Experiments with
CIFAR-10 are slower than MNIST and Fashion MNIST be-
cause image augmentation was used with CIFAR-10 dataset,
i.e. for each available image from the dataset, an additional
four images were created by shifting the original image by a
couple of pixels left, right, up, or down.

6 Applying the ALSCN algorithm for detecting
errors in manually labeled items

The ALSCN algorithm is primarily used to reduce the num-
ber of items that need to be manually labeled, but it can also
be used to identify errors in manually labeled data. In a real-
life it often happens that error appears in items that are
manually labeled. To identify these errors, we can check
labels predicted with networks (p2) and (p3) for manually
labeled items. All items where differences are identified in
the group of manually labeled items (el), and items that are
automatically labeled (e2) should be sent to another round
of manual labeling.

Previous experiments used publicly available and well-
known datasets, so we can assume that the items in these

automatically labeled items having the incorrect value at (d3) are
presented with orange line

datasets are correctly labeled. So, for purpose of demonstra-
tion of detecting errors in manually labeled items following
experiment is conducted in which in first step where group
of items are selected for manual labeling ((p1) at Figs. 4 and
5), for 20% of those items are intentionally assigned wrong
labels (200/1000). Table 3 shows the number of detected
items with wrong labels at manually labeled items. The
ALSCN algorithm detects most mislabeled items in the first
few iterations.

7 A comparison of the presented ALSCN
method with other active learning methods

Active learning method called Query-by-committee (QBC)
[22] can be described by following steps:

1. Manual labeling of the initial training set (in this case
1000 items, same as in presented method),

2. Train several neural networks with manually labeled
items, (in this case three networks with identical
structure as networks presented in this research, see
Table 1),

3. Predict labels for unlabeled items using trained neural
networks,

4. Compare predicted labels,

5. Manual labeling of the items with discrepant predictions,

Ratio of detected errors

MNIST

3
g

% of errors detected per session
g8 8
g

Fashion MNIST

CIFAR10

Training sessions

Fig. 10 Ratio of detected errors in items selected for manual labeling per training session
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Table. 3 Number of detected incorrectly labeled items
MNIST
Iter. Network New det. Total % Detected New det.
1 P2 194 194 97.0% 185
1 P3 2 196 98.0% 9
2 P2 2 198 99.0% 0
2 P3 0 198 99.0% 1
3 P2 1 199 99.5% 0
3 P3 0 199 99.5% 0
4 P2 0 199 99.5% 0
4 P3 0 199 99.5% 0

Fashion MNIST CIFAR-10

Total % Detected New det. Total % Detected
185 92.5% 0 0 0.0%

194 97.0% 110 110 55.0%

198 99.0% 16 126 63.0%

198 99.0% 5 131 65.5%

199 99.5% 1 132 66.0%

199 99.5% 0 132 66.0%

199 99.5% 2 134 67.0%

199 99.5% 0 134 67.0%

Note. Initial dataset contains 1000 items, 200 of these items are intentionally incorrectly labeled. The table contains the following columns: (Iter.)
iteration, name of network, (New det.) number of incorrectly labeled items detected that after comparing items before and after training networks, (Total)
total number of incorrectly labeled items, and (%Detected) percent of detected incorrectly labeled items

6. Add manually labeled items from step 5 to previously
labeled items,
7. Repeat sequence, starting from 2.

Active learning methods based on uncertainty sampling
(margin sampling and entropy sampling) can be described
by following steps:

1. Manual labeling of the initial training set (in this case
1000 items, same as in presented method),

2. Train neural networks with manually labeled items,
(networks architecture is same as in Table 1),

3. Predict labels for unlabeled items using trained neural
networks,

4. Calculate confidence for predicted labels (using formulas
for margin confidence (1) or entropy (2))

5. Sort items by confidence,

6. A number of items with highest uncertainty are se-
lected for manual labeling (250 items per iteration
for MNIST, 1000 items for MNIST fashion, and
1000 for CIFAR-10),

7. Manual labeling of the selected items,

8. Add manually labeled items from step 7 to previously
labeled items,

9. Repeat sequence, starting from 2.

Margin confidence mc(x) for item x is calculated as differ-
ences in probabilities Py(y| x) that most likely label y,, and next

likely y,,.
me(x) = Po(y,,|x)=Po(y, |x) (1)

Entropy H(x) for item x is calculated as sum of probabilities
for Py(y;| x) for each label y; of variable x.

H(x) = XPy(y,[x) - log(Py(yilx)) (2)

To evaluate the efficiency of the ALSCN active learning
method, additional scripts based on QBC, margin sampling,
and entropy sampling were developed. These scripts use the
same network architecture as it is presented in Table 1. All
methods start with the initial set of 1000 labeled items. In
Fig. 11 and Table 4 we present the accuracy of the prediction
per number of manually labeled items. The ALSCN method is
more efficient than QBC because it requires fewer items to be
manually labeled to achieve the same or higher accuracy,
compared to QBC method.

There is a similarity between the ALSCN and QBC
methods as both methods try to find differences in the

Table 4 Comparison of prediction accuracy between ALSCN and other active learning methods

MNIST
Iter Items Accuracy Iter
ALSCN 17 3667 99.06% 28
QBC 10 6500 99.13% 17
Margin 28 7750 99.17% 25
Entropy 25 7000 99.14% 20
All available data 1 60000 99.05% 1

Fashion MNIST CIFAR-10
Items Accuracy Iter Items Accuracy
14353 90.07% 26 29742 80.01%
19197 88.95% 11 36496 78.79%
25000 90.22% 33 3300 79.15%
20000 89.76% 37 37000 78.68%
60000 88.89% 1 50000 74.29%
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predicted data. The QBC method determines the candidates
for manual labeling by comparing the predictions of several
neural networks. These networks are trained on the same
dataset, and they are used to determine predictions for all
available data. The ALSCN method compares the data used
for training with the predicted labels for the same items used
for training. The ALSCN method uses two networks, one is
trained only with manually labeled items, other “self-
correcting network" is trained with all available items from
dataset (some of those items are manually labeled and for
remaining items labels are predicted using the previous
network).

In active learning methods, such as margin sampling and
entropy sampling, items are sorted by selected functions, so it
is always known which items have a priority for manual la-
beling. However, estimating how many items should be se-
lected for manual labeling in each iteration it is not a clear task.
The opposite is the ALSCN method that focuses on detecting
the difference between datasets (d3) and (d4). In this approach
it is known how many items should be selected for manual
labeling. However, since in this approach the items are not
ranked, any item where a difference in the prediction has been
identified is equally important and limiting the number of
items that will be verified in one iteration is not the best prac-
tice as all of them should be verified. If we omit the opportu-
nity to verify some items in one iteration, there is no guaran-
ties that this item will be detected in the next iteration.

8 Variations of the ALSCN algorithm

During the development of the ALSCN active learning meth-
od, we experimented with a few other approaches that were
found to be less effective. The results of those experiments are
presented in Fig. 12. Briefly, we focused on:

» Limitation of the number of items selected for manual
labeling per session (blue line); without such a limitation,
this algorithm in the first iterations identifies a larger num-
ber of items that need to by manually labeled; in latter

Accuracy

Fig.

Variations in selection items for manually labeling
100.00%

99.50%
99.00%
98.50%
98.00%
97.50%

97.00%

96.50%

0= ALSCN
o= Limited number of items
—o— Add not convincing items
o— Added random items
—o— ALSCN+Margin+Entropy

96.00%

95.50% ¢

95.00% °
1000

Number of manually labeled items used for training
12 Variations of the ALSCN algorithm

1500
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iterations the number of such items decreases rapidly.
The assumption was that if a network would be trained
more often, the predictions could be more accurate and
that would lead to a reduced number of items that need
to be manually labeled. Experiments show that better re-
sults are achieved without such limitations.

Adding “unconvincing" items (green line), (the term “un-
convincing" item in this context refers to those items in
which the predictions are not wrong, but predicted values
are very close to the limit and it could be easily classified
differently). Experiments showed that the number of pre-
dicted labels is not large and that inclusion of those items
to the list of items that should be manually labeled did not
significantly improve results.

Beside the items that are selected by the algorithm, certain
number of items is randomly selected for manual labeling
(yellow line). The assumption was that in this way some
additional items could increase accuracy of the trained
model and perhaps it could assist in discovering some
incorrectly labeled items, hard to be detected by a trained
model. Experiments show that such randomly selected
items do not significantly contribute to accuracy increase,
especially because in the pool of automatically labeled
items the number of errors decreases much faster compar-
ing to the error rate in test subset (see Fig. 8).

Ratio of detected errors
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Fig. 11 Comparison of prediction accuracy between the ALSCN and other active learning methods
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* Two optimizers were tried: AdaDelta and Adam. Adam
optimizer resulted in more accurate results.

* Gray line represents combination of methods ALSCN,
margin and entropy sampling. The ALSCN method se-
lects items for manual labeling as it is previously de-
scribed, in addition to these items, another 100 items are
selected using margin and entropy sampling methods, and
each of these two methods selects 50 items.

* Red line represents the prediction accuracy of the ALSCN
method presented in this research.

The ALSCN algorithm can work with any network config-
uration, but selected configuration could affect the number of
items that will be selected for manual labeling per one itera-
tion, also number of iterations. The results of the ALSCN
algorithm at MNIST dataset with different network configu-
rations are presented in Fig. 13:

* Networkl: inputs 28x28x1, (16,32,32)x3x3
convolutional layers, (64,64,32) fully connected and 10
output,

*  Network2: (model used in this paper) inputs 28x28x1,
(16,32,64)x3x3 convolutional layers, (128,64,32) fully
connected and 10 output,

* Network3: inputs 28x28x1, (16,32,128)x3x3
convolutional layers, (256,64,32) fully connected and 10
output,

* Network4: inputs 28x28x1, (32,64,128)x3x3
convolutional layers, (256,128,64) fully connected and
10 output.

The ALSCN algorithm, with a more complex network,
selects fewer items for manual labeling at first iterations com-
pared to experiments where it uses networks with fewer pa-
rameters. If we compare the performance of four different
networks trained on datasets that contain fewer than 2000
items selected by the ALSCN algorithm (from the MNIST

MNIST

100.00%

99.00%

98.00%

97.00%

96.00%

8

o
95.00% —o—network1

Prediction Accuracy

—o—network2

o
94.00% —o—network3

o— network4

93.00%
1000 1500 2000 2500 3000 3500

Number of manually labeled items used for training
Fig. 13 The ALSCN method with different network configurations
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dataset), the more complex networks achieve better accuracy.
In addition, the more complex networks need more iterations
to select these items. However, if we compare their perfor-
mance after 3000 selected items, the accuracy of the predicted
results becomes similar.

9 Conclusion

The main idea behind active learning methods is that items
from the training set do not have equal contributions to a
classifier. The ALSCN active learning framework presented
in this study enables us to iteratively select the best candidates
for manual labeling (the most informative instances) from a
pool of unlabeled items. This approach shows best results
where there is a large amount of unlabeled data available,
and it is especially useful if manual labeling is expensive or
time-consuming. Another significant advantage of active
learning is that in this approach, the dataset is allowed to be
significantly expanded in size by adding unlabeled data, with-
out substantially increasing the effort of human labelers in
labeling these additional items.

The ALSCN framework can efficiently find difficult exam-
ples in a set of unlabeled (automatically labeled) items in all
three datasets, and items remaining in a set of automatically
labeled items represent good candidates for items that do not
need to be manually labeled. Also, this approach has a lot of
potential in finding errors in previously labeled data.

Our experiments show that the network trained using items
selected by the ALSCN method exceeds the performance of a
network trained with the same number of items randomly
selected from the set of available items. An interesting obser-
vation is that the performance of a network trained with se-
lected items can achieve even better accuracy than a network
trained with all items from datasets, and this was shown on all
three datasets.

Our ALSCN solution belongs to the group of pool-based
sampling scenarios active learning and our query strategy ex-
hibits similarities to query-by-committee (QBC) and uncer-
tainty sampling. The approach is located somewhere between
unsupervised and supervised learning. Supervised learning
can be very efficient for detecting false or inaccurate prior
knowledge, where solutions delivered by unsupervised
methods depend on the encoded prior knowledge up to a large
extent. The first network in this framework is trained follow-
ing the supervised learning approach, and CNN network is
trained by a small amount of manually labeled items. The
second network is trained by an unsupervised learning ap-
proach; “self-correcting network" is trained with much larger
dataset that contains all available items that are automatically
labeled, and after training that network predicts new labels for
the same items that are used in training. With simple
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comparison of labels from these two datasets the items that
need to be manually labeled can be identified.

In this paper we presented examples where the ALSCN

algorithm (containing two convolutional neural networks) is
applied on three datasets for the purpose of classification. The
future work could explore the efficiency of the proposed ap-
proach with different types of networks and different domains,
e.g. object detection, semantic segmentation, NLP, time series
data, etc.
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