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Abstract

Deep neural networks have improved the state-of-the-
art machine learning methods but they are notoriously data
hungry and require many instances of training data. Active
learning works to select the optimal collection of training
instances from all available training instances. However,
current active learning methods do not take into account
human perspective. This human perspective allowed us to
split up NN understandings into two styles: misidentifica-
tion of features and misclassification of accurately identi-
fied features. The latter is an error that we believe can be re-
solved by additional relevant data. Therefore the proposed
algorithm first identifies instances of the latter error and
then uses an active learning approach to reduce the error.
We compared our proposed algorithm to a random selection
baseline and found that the proposed method averaged an
additional increase of 2% in accuracy of an image classifi-
cation NN.

1. Introduction
One of the biggest hurdles with most machine learning

models is the requirement of large labelled data sets [6, 13].
It is difficult to acquire a large data set because of the high
annotation costs associated with it which make the devel-
opment of the model impractical. A common solution to
this problem is active learning [20, 5]. Active learning al-
gorithms develop a method for the model to decide which
training examples should be added to the data set and thus
labelled while maintaining high accuracy. The training ex-
amples are selected based on what the model is yet to learn,
or the gap in the model’s knowledge. We refer to a gap in
the model’s knowledge as types of data that confuses the
model - certain classes, angles, shapes, etc.

Pool-based active learning algorithms work in a boot-
strapping manner wherein the algorithm starts with an ini-
tial training data set, a subset of the universal training data
set[19]. Bootstrap sampling involves the extraction of sam-
ple data frequently with replacement from a data set to es-
timate a population parameter. Using a selector or acquisi-

tion function, the algorithm iterates through excluded train-
ing examples to select examples to be incorporated into the
next iteration of the training data set. A selector function
decides which data points are worth labeling, reducing the
number of data points requiring a label. The model is then
retrained on the generated training data set. This process
is repeated p times. The final training data set is often
smaller in size than the universal training data set, reducing
the number of points to be annotated in turn reducing an-
notation costs. The selector or acquisition function plays a
pivotal role in the final training set that is created [8]. There
are two broad categories of selector functions: input distri-
bution and model uncertainty. Both selector functions aim
to identify what the model doesn’t know and then close the
gap in the model’s knowledge. The former aims to diversify
the training data set by finding dissimilar images in the uni-
versal data set via distance computations. Therefore, this
method is easier to implement and faster. The latter method
leverages the model’s predictions to create a robust data set
by adding the samples with the highest uncertainty. This
makes the method more effective but more computational
heavy [19, 14].

Instead of looking at improvements to the selector func-
tions, this paper focuses on a novel way to identify which
data points are optimal to use as baselines to select addi-
tional data points from the unused data set. In other words,
this paper explores the identification of baseline data points
to use as inputs for a selector function. These data points
represent the gap in the model’s knowledge of the model
and thus when we add additional data points basis the gap,
we address the it by providing information that will help
close the gap. We will look at the task of image classifica-
tion, with a maximum of 500 data point additions. Impor-
tantly, we leverage explanations from the model to identify
the images in which the model has identified the correct fea-
tures (areas of the image with the object) but misclassified
the image. We then employ the concept of input distribu-
tion to identify the most similar images and add them to the
data set. This sort of methodology fuses the input distribu-
tion and model uncertainty ideology and benefits from the
convenience of input distribution and effectiveness of model
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uncertainty.

2. Related Works

2.1. Active Learning

Active learning is broadly divided into two types: pool-
based and stream-based [21]. The explanations above were
for pool-based active learning. In stream-based active
learning, each example is selected in a streaming manner
wherein the decision on whether to label the example or not
needs to be made instantly. Stream-based active learning
is theoretically guaranteed to be more effective [9]. Often,
stream-based learning is considered a subset of pool-based
learning because a pool can be turned into a stream.

In pool-based active learning, we have a labelled data
set, Dl, and an unlabelled data set, Du. It is important
to note that Du is relatively larger than Dl. The universal
training data set, D, is the union of Du and Dl. There-
fore, D = x1, x2, x3, ..., xnu

, (xnu+1, ynu+1), ..., (xn, yn),
where xi ∈ Rd and y ∈ Z. Du contains the first nu unla-
belled instances and Dl contains the next n − nu labelled
instances. Then a neural network is trained on data set Dl.
For p iterations, the selector function considers Dl, Du and
current neural network and outputs xj such that xj ∈ Du.
The selected xj is then annotated and then added to Dl [9].
This is repeated until the data set is completed and the final
training data set is much smaller than D, reducing annota-
tion costs.

These selector functions are of two types in pool-based
active learning - model uncertainty or certainty sampling
and input distribution [8]. Model uncertainty trains the
model after every addition to Dl and runs the trained on
Du to identify the samples the neural network is most un-
sure of (least certain) and adds them to the data set [11].
In this framework, an active learner queries the instances
about which it is least certain how to label. [12, 19]. Input
distribution is less common because it doesn’t consider the
model’s predictions and instead aims to minimize the simi-
larity between data points of the data set. Input distribution
is an easier implementation, in terms of time and computa-
tion, whereas model uncertainty is more effective solution
[14].

Both these methods offer solutions to the proposed issue
of a gap in the model’s knowledge because it allows the
model to learn what it doesn’t know by adding the most
relevant and effective data points to the data set.

However, the proposed method adds a human aspect that
we believe most active learning algorithms lack. Our first
and foremost step is to identify and understand the gaps in
the model’s knowledge using explainability. Using this un-
derstanding, we try to add the most relevant datapoints that
will close this gap.

2.2. Explainable AI

AI is edging towards becoming an integral part of our
society, be it our Spotify recommendations, the content our
social media feeds present to us or the advertisements we
are shown on our devices. However, as the field of computer
vision develops, convolutional neural networks (CNNs) will
play a pivotal role in more consequential decisions, like
medical diagnosis and decisions of an autonomous cars [7].
Thus, it becomes important to demystify the ’black box’ of
CNNs and make our models more interpretable [1, 2]. Inter-
pretability refers the transparency of a model or the ability
of the developer to discern why the model predicts what
it predicts, allowing the developer to understand what the
CNN has learned and its gap in knowledge [16, 4]. This gap
can also be represented through a subtle bias of the model.
Kaufman et al.[10] cite a medical situation wherein the pa-
tient ID was heavily influential on the predictions indicative
of bias in the model which could, to some extent, be re-
solved if given model explanations. Burns et al.[3] cite an
instance where the CNN used contextual clues like location
to make predictions. Even though the CNN had high accu-
racy, they cited that it was important the CNN was right for
the right reasons and didn’t contain any egregious errors,
like predicting the word ”man” in a snowboarding image.

One of the biggest challenges that arises with explana-
tions in the field of computer vision is that they must be in-
terpretable by humans but also accurate representations of
the model. For image classification, for example, humans
may be able to comprehend a binary vector representative
of the presence of an adjacent patch of similar pixels even
though the CNN interprets the image as a three-channel ten-
sor. [15] Usually, in the field of computer vision, the expla-
nations are typically identifications of features or patches of
the test image that were critical for the decision of the CNN.

Most importantly, explanability gives an insight into the
knowledge of the model allowing us to comprehend what
the model understands and what it gets confused with. As
a result, we assert that explainability forms a strong foun-
dation for active learning because it allows us to demystify
the ’black box’ and figure out the optimal data instances to
add to the training data set.

We now know explore two popular methods in explain-
ability, LIME and grad-CAM, to outline the state-of-the-art
approaches to explainability. They differ in the sense that
LIME is a model-agnostic approach while grad-CAM is tai-
lored towards computer vision tasks including VQA, image
detection and classification [16, 15].

2.2.1 Local Interpretable Model-agnostic Explana-
tions (LIME)

LIME [15] aims discern an interpretable model from a set of
possible interpretable representations which is locally faith-



ful, i.e. it is reflective of the model’s behaviour in the re-
gion of the instance being analysed. LIME also puts special
focus on remaining model-agnostic, i.e. maintaining no as-
sumptions about the original model.

When applying LIME to CNNs for image classification,
the LIME model learn positive and negative weights for all
the super pixels of the image and all the positively weighted
super pixels represent the explanations behind the CNN’s
prediction.

2.2.2 Gradient-weighted Class Activation Mapping
(Grad-CAM)

Grad-CAM is a a method to extract visual explanations
from deep neural networks through gradient-based localisa-
tion. It uses class-specific gradient information to localize
important regions [18, 17]. Grad-CAM, in comparison to
LIME, is specifically designed to generate visual explana-
tions from a CNN without architectural alterations. Grad-
CAM leverages the fact that convolutions features preserve
spatial information unlike fully-connected layers. There-
fore, grad-CAM assumes that the last convolutional layers
is the best indication for explanations because it provides a
strong trade-off between complexity and accuracy. The gra-
dients of the last convolutional layer are used to discern the
importance of each neuron of the layer for the prediction.
[16]

Since grad-CAM has been designed specifically for com-
puter vision tasks, including image classification and fo-
cuses on geographical isolation in an image, this paper will
be using grad-CAM as the method to obtain our model’s
explanations.

3. Method
The proposed algorithm aims to leverage insights from

the XAI method Grad-CAM to conduct active learning. We
cap the number of additions at maxAdditions and start
with an initial training data set of 6000. The method aims
to minimize the number of the data instances requiring la-
belling while increasing accuracy of the model on a unseen
test data set. The following are the variables employed in
the paper:

α = Hyperparameter that adjusts the strictness in selecting
query images (number of nonblack pixels the red region of

the Grad-CAM heat map lies on)
yq = the class of the query image

maxAdditions = Defined by the problem statement as the
maximum number of data points that can be added. We use

500.

In this paper we present a novel approach to improve
classic active learning methods by leveraging grad-CAM

explanations. The proposed algorithm (refer Figure 1)
can be divided into two parts - identification of query im-
ages(refer Figure 2) and data set additions basis the identi-
fied query images (refer Figure 5). Query images are the
images we identify as representations of the gaps in the
model’s knowledge. Query images will give us an insight
into the types of images the model typically misclassifies,
allowing us to make more informed decisions about what
kind of datapoints are worth adding.

3.1. Identification of query images

The first piece of our proposed algorithm is to use grad-
CAM to identify query images. We start by splitting our
train data sets into training set (Xtrain) and additional train-
ing set (Xadd) in the ratio 1:9, and our test data set into po-
tential query images (Xquery) and testing pool (Xtest) in
the ratio 1:1. In order to understand the initial model, we
trained a CNN on Xtrain and tested it on Xquery. Dur-
ing the testing process, we saved all incorrectly classified
images as potential query images because we believe in-
correctly classified images are the best representations of
the gaps in the model’s knowledge. We call the incorrectly
classified images potential query images because the CNN
makes two broad types of mistakes - misidentification of
features (refer Figure 3a) and misclassification of accurately
identified features(refer Figure 3b). In this paper, we try to
minimize the latter error by adding additional relevant data
points.

Logically, the first task is to separate the potential query
images into the two error types, misidentified features and
misclassified yet accurately identified features. The in-
sight into the model required for this separation is provided
by grad-CAM. Grad-CAM gives us a heat map represen-
tative of the features of the image that were given maxi-
mum weightage, like in Figure 4. Therefor, we have a good
idea of what regions of the image the model focuses on be-
fore classifying it. We identify misidentification of features
through the Grad-CAM generated heat map. If the heat map
surrounds the background, we assume the model’s focus
was the background rather than the object. Similarly, we
identify misclassification of accurately identified features
when the heat map is cast mainly on the object. This indi-
cates that the model’s focus was on the object, as it should
be, meaning the features are identified correctly and thus
the mistakes was in the classification of those features. Our
query images thus become the ones where the heat map is
cast onto the object. We assume a data set of single channel
images on a solid black background. Thus when we gray
scale the data set, pixels that have a value lesser than 0.5 are
more white than black thus likely to belong to the object.
We use this knowledge to discern whether the heat map lies
on the correct features (the object).

We first extract the red channel of the heat map to un-
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Figure 1: Higher level overview of the proposed algorithm.

derstand which pixels are the focus of the heat map. All
the red pixels are then iterated through. For each red pixel
we check if the corresponding pixel in the potential query
images is gray. If this non black pixel count is > α, we
use the potential query images as a query image. As seen
in figure 6, figures 6a, 6b and 6c have heat maps that are
not on the object, or are of the misidentification of features
error type. Figures 6d, 6e and 6f, on the other hand, have
correctly identified features but are still misclassified by our
model. Therefor, the counting of the non-black pixels works
accurately in classifying the two error types. The latter error
can be resolved using active learning processes, selecting
more images to add.

3.2. Data set additions basis the identified query
images

Now that we have a reference for what our model doesn’t
know (the query images), we can use them as a baseline
to start adding data points. As explained previously, there
are two main active learning heuristics: model uncertainty
and input distribution. We use the ideology of the input
distribution method in our paper because it allows us to take
maximum advantage of our query images. Refer to Figure
5. Essentially, we add the images most similar to the query
images.

We use cosine similarity to discern which images from
Xadd would be the most valuable additions to Xtrain. Let
us assume yq represents the class of the query image. Co-
sine similarity is calculated by

cos(θ) =
A ·B

|| A || || B ||

where A and B represent the 2D vectors of the two images
at hand. The higher the cos(θ) value, the more similar the
images. In order to select the data points to add, we find the

maxAdditions
len(queryimages) most similar image from Xadd which are
of class yq . We move these images from yquery to ytrain
and retrain the model.

4. Experiment
4.1. Experimental Set-Up

In order to test the proposed algorithm, we use the FM-
NIST dataset. We chose this data set because the CNN
trains relatively quickly on it, allowing us to conveniently
retrain our model after every query image [22]. Addition-
ally, since the images are already gray scaled, all back-
ground are of the same colour and we have a range of values
for the pixels corresponding to the object allowing us to dif-
ferentiate between the two aforementioned error types with
ease.

For the CNN, we used LeNet-5 architecture because it
is a well established CNN architecture that is designed for
the MNIST dataset [23]. Our metric is accuracy and our
baseline is random addition. For the random addition, we
simply add the randomly selected images from Xadd in the
same manner as we did in the algorithm (retrain the model
after addition of maxAdditions

len(queryimages) images.
We ran the algorithm 3 times and then averaged the re-

sults. This was especially useful in the case of the random
baseline because we noticed a high standard deviation.

5. Results
In this section we go over the results we obtained after

running our experiment. We evaluate the success of our
proposed algorithm bases the effect on the accuracy of the
model when tested on the unseen test data set Xtest.

Table 1 summarises the final values for accuracy after all

Final accuracy with
the Proposed Algorithm

Final accuracy with
Random Selection

Trial 1 0.841 0.843
Trial 2 0.835 0.846
Trial 3 0.847 0.791
Average 0.841 0.827

Table 1: Final accuracies with the proposed algorithm and
the baseline, random selection.
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Figure 2: A flowchart outlining the proposed algorithm:
identification of query images

(a) Misidentification of features. (b) Misclassification of accurately
identified features

Figure 3: Two broad types of errors made by a CNN.

the data instances have been added. As can be seen, our
model does beat the baseline when averaged by approxi-
mately 2%. The final accuracy of the random baseline does
fluctuate owing to the random nature of the algorithm. Our
method does provide more consistent results. This is ev-
ident through the differences in the standard deviation of
the final accuracy. The proposed algorithm has a devia-
tion value of 0.0060 whereas the random baseline has a de-
viation value of 0.0309. This suggests that the proposed
algorithm is a smarter method as each addition builds off
the previous query image. The frequent fluctuations in ran-
dom selection implies that is, in fact, random and a play on
chance, therefore not very reliable.

Taking a look at Figure 7 gives us a more detailed insight
in the accuracy values per addition iteration. As can be seen,
at the beginning there is high fluctuations and the random
algorithm does better briefly. However, after around 50 ad-
ditions, the algorithm accuracy does consistently better than
the random accuracy. The shaded region represents the de-
viation in the graphs and the regions do overlap, suggesting
that the results have high uncertainty.

6. Discussion
6.1. Possible Improvements to the algorithm

The results may be improved because test Xtest is of the
same size as test Xquery, in our experiment, which means
there is a high likelihood of set D containing many novel

Figure 4: Example of grad-CAM output.
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Figure 5: A flowchart outlining the proposed algorithm:
Data set Additions basis the query images

error sources not present in Xquery and vice-verse. We hy-
pothesize adjusting the split ratio by increasing it towards
the training side will help reduce the error because it will
equip us with more data to understand the model.

There are many ways we could have decided the number
of images per query image. We could have customized the
number of additions per query image, depending on how the
severity of the mistake. The severity of the image could be
gauged by the ratio of 50 most similar images inXtrain that
are of class yq . A more advanced approach would include
consideration of the rank of 50 images (in terms of similar-
ity). This means that a data set wherein the 5 least similar
images (of the 50) are the only ones of class yq should not
be treated the same as one wherein the 5 most similar im-
ages are the ones of class yq .

6.2. Hyperparameters

There were multiple hyperparameters in the algorithm.
The first was the split of the data set. We decided to do a
1:9 split because 10% of the data set was the right amount

(a) Non black pixel
count = 0

(b) Non black pixel
count = 0

(c) Non black pixel
count = 117

(d) Non black pixel
count = 212

(e) Non black pixel
count = 224

(f) Non black pixel
count = 371

Figure 6: Non black pixel count for some potential query
images.

of training instances for the model to learn enough to have
imperfect knowledge with considerable room for improve-
ments.

The threshold value to distinguish between background
and object pixels will also heavily affect the number of
pixels counted as non black pixels. Obviously, depending
on the threshold value the α value can be adjusted. How-
ever, for simplicity we decided to use 0.5 because any value
above 0.5 is more white than it is black allowing us to clas-

Figure 7: Results of trials averaged. Note: Some tri-
als added more images than over (all added lesser than
maxAdditions though). We did not exclude that data.



Figure 8: Example of the grad-CAM output revealing focus
on object edges.

sify it as a light gray pixel and the reverse argument applies
for dark gray pixels. Using a threshold of 0 is not advised
because we have noticed that there are many potential query
images for which the edges of the object have been identi-
fied as the most important regions by the model (refer to
Figure 8). For these images the edges are surrounded by
mostly dark gray pixels which will counted in the non black
pixel count even though this is an example of misidentifica-
tion of features. We defined α as 25% of the image thus the
count much be 0.25× (28× 28) = 196 which we rounded
off to 200. 28 × 28 is the dimension of the FMNIST data
set.
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