Fang J Big Data (2017) 4:40 s .
DOI 10.1186/540537-017-0101-8 ®© Journal of Big Data

METHODOLOGY Open Access

Understanding deep learning @
via backtracking and deconvolution

Xing Fang

*Correspondence:

xfang13@ilstu.edu Abstract

School of Information Convolutional neural networks are widely adopted for solving problems in image clas-

Technology, lllinois State

University, Normal, IL, USA sification. In this work, we aim to gain a better understanding of deep learning through

exploring the miss-classified cases in facial and emotion recognitions. Particularly, we
propose the backtracking algorithm in order to track down the activated pixels among
the last layer of feature maps. We then are able to visualize the facial features that lead
to the miss-classifications, by applying the feature tracking algorithm. A comparative
analysis of the activated pixels reveals that for the facial recognition, the activations of
the common pixels are decisive for the result of classification; for the emotion recogni-
tion, the activations of the unique pixels indeed determine the result of classification.
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Introduction

Deep learning is to apply computational models to learn data representations with mul-
tiple levels of abstraction [1]. The most common deep learning models consist of two
different neural network architectures: convolutional neural networks (ConvNets) have
been widely applied in computer vision for learning 2D images [2—6] or 3D objects [7];
since recurrent neural networks (RNNs) are good at capturing temporal features from
sequential input data, they are often used as language models or translation systems
[8—14].

Despite the success of deep learning, gaining insight into the models’ internal opera-
tions and their behaviours has become an interesting topic in deep learning. As one of
the visualization techniques proposed by Zeiler and Fergus [15], deconvolution enables
us to observe which features of data that are learned by a trained model. Indeed, the
deconvolution provides top—down projections by mapping activations in feature maps
generated in intermediate layers back to the input pixel space, showing the patterns cap-
tured by the feature maps.

In this work, we aim to gain a better understanding towards deep learning through
interpretations of the miss-classified cases in facial and emotion recognitions. We start
with proposing a ConvNet and its deconvolutional counterpart. After the network is
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trained, a backtracking algorithm is applied in order to trace the activated pixels resid-
ing in the feature maps. Those activated pixels are then projected back to the input pixel
space, using the feature tracking algorithm, which enables us to observe the facial fea-
tures that determine the classification results. For facial recognition, we discover that
same facial features can lead to different classification results due to different pixel val-
ues that they hold; For emotion recognition, we are able to track down the facial features
that lead to the miss-classifications.

The rest of the paper is organized as follows: we discuss about the data collection and
the process of convolution and deconvolution in “Methodology” section; The miss-
classified cases are analyzed in “Preliminary evaluation” section; A detailed description
towards the backtracking process as well as the visualization of the experimental results
are covered in “Analysis using backtracking and deconvolution” section; we then make a
discussion and conclude our work.

Related work

It is a common practice to use visualizations to gain intuition about features that have
been learned by a trained ConvNet. Zeiler and Fergus [15] introduced the process of
deconvolution as a technique to visualize features that are learned by a ConvNet. Dif-
ferent from the original approach, where a deconvolutional network is used as a way
of performing unsupervised learning [16], the process requires a trained ConvNet. Noh
et al. [17] proposed a deconvolutional network for semantic segmentation, which is to
partition an image into semantically meaningful parts. The deconvolutional layers no
longer rely on the parameters from the trained ConvNet. Instead, both the convolutional
and deconvolutional layers are trained together, such that the deconvolutional layers are
served as decoders that are solely mapping the convoluted images back to their input
pixel space.

Methodology

Data collection and preprocessing

Data used in this work is collected from the Radbound Faces Database (RaFD) [18]. The
entire dataset contains facial images of 67 subjects that are in different ages (adults and
children), genders (male and female), and races (Caucasian and Moroccan). There are
120 images for a subject, where the images were taken from five camera angles simul-
taneously. Within those images, the subject was trained to show their emotions in three
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different gaze directions. The emotions are “anger’, “disgust’, “fear”, “happiness’, “sad-
ness’, “surprise’, “contempt’, and “neutral” Figure 1 shows a Caucasian female in five dif-
ferent angles. Figure 2 shows the eight different facial expressions.

We exclude the images that are taken in both 0 and 180 angles, since they contain lit-
tle facial information. The original images have the size of 681 pixels as the width and
1024 pixels as the height. Extra information such as hair and torso, is also included in
the images. In order to let the model focus on learning facial information, only faces
are extracted from the original images. The facial images are then cropped into colour
(RGB) pictures that have the size of 224 x 224. For the facial recognition, the training

set is formed by randomly selecting 12 images per angle per subject; For the emotion
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Fig. 2 Eight different emotions: a angry, b contemptuous, ¢ disgusted, d fearful, e happy, f neutral, g sad, h
surprised

recognition, 101 images are randomly selected from each type of emotion under a par-
ticular angle. We respectively use the rest of the images as the testing set.

The convolutional network

The architecture of our ConvNet is shown in Table 1. The network takes a fixed-size
224 x 224 RGB image as its input. The image is then passed through a sub-structure
that consists of a stack of two convolutional layers (conv) and a max-pooling layer. Each
of the convolutional layer has the size of the receptive field set to 3 x 3 with the padding
is set to 1 and the non-linear activation function is chosen to be as the rectified linear
unit (ReLU). 32 feature maps are generated after the convolution. The max-pooling layer
performs over a 2 x 2 filter with stride 2. A stack of three sub-structures is followed by
four fully-connected (FC) layers, where the first three layers respectively have 1024, 512,
and 256 neurons with ReLU as the activation. The last FC layer has the same number of
neurons as the classes (67 for the facial recognition; 8 for the emotion recognition). The
non-linearity for the last layer is set to be the soft-max function. The overall architec-
ture of the first ConvNet is inspired by the network introduced by the Visual Geometry
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Table 1 The tiny VGG

ConvNet configuration

Input 224 x 224 x 3

Conv Receptive field Stride Padding Feature map
3x3 1 1 32

Conv Receptive field Stride Padding Feature map
3x3 1 1 32

Maxpool Filter Stride
2% 2 2

Conv Receptive field Stride Padding Feature map
3x3 1 1 32

Conv Receptive field Stride Padding Feature map
3x3 1 1 32

Maxpool Filter Stride
2x?2 2

Conv Receptive field Stride Padding Feature map
3x3 1 1 32

Conv Receptive field Stride Padding Feature map
3x3 1 1 32

Maxpool Filter Stride
2x?2 2

FC 1024

FC 512

FC 256

FC No. of classes

Softmax

- N NN
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Fig. 3 Tiny VGG. a Convolution, b deconvolution
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Group at the University of Oxford, known as the VGG net [4]. We then refer to our net-
work as the Tiny VGG (Fig. 3a).

Deconvolution and the deconvolutional network

The process of reversing a convolution is generally referred to as deconvolution. This
is achieved through deconvolutional layers. A deconvolutional layer utilizes the same
receptive fields from the convolution layer that it is about to reverse. The fields are then
flipped 180° horizontally and vertically. In some literature, the process of deconvolution
is also referred as to the transposed convolution [19].

Page 4 of 14
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A deconvolution may result in up-samplings depending on how paddings are applied
to the images. In other words, the critical part of performing a deconvolution (on a 2D
image) is to ensure that the image should return to its size before the convolution. We
have known that the equation for computing the size of a squared image after a convolu-
tion is given as:

[ —k+2-
i':g—i—l

(1)
s

where i is the size of the image before the convolution, & is the size of the receptive field,

p is the number of padding used for the convolution, and s is the stride. Considering the

different types of convolution:

1. Unit stride (stride is set to 1) with padding being 1.
2. Non-unit stride no padding.
3. Unit stride no padding.

The equations for computing the size of the image after the deconvolution, with respect
to each of the aforementioned convolutions, are given as:

Litk—1)—2-p
2.8 (' =1)+k
3. +k—1

Figure 3b shows the deconvolutional network of the Tiny VGG, in which the unpooling
layers are used to reverse the operations of maxpooling, where only the highest pixel
values are kept for further use, resulting a down sized image depending on how large the
filter is. Unpooling reverses maxpooling by plugging in the highest pixel values back into
where they were and keeping other values as zeros, resulting an up sized image. Figure 4
(top) shows how unpooling works in theory, using a 2 x 2 filter with no overlapping. A
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Fig. 4 Top: max pooling and unpooling in theory. Bottom: max pooling and unpooling in practice
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practical example, which is based on a 512 x 512 grayscale image, is given in the bottom
of the figure.

Preliminary evaluation
Training of the networks
The parameters for both networks are initialized using the approach proposed by Glo-
rot and Bengio [20]. We found that using advanced optimizations, such as Ada [21] and
Adam [22] updates, does not yield any performance improvement. Therefore, we use the
stochastic mini-match decent to update the parameters, setting the size of a mini-batch
to 12 and the learning rate to 0.01. The duration of the training process is set to be 100
epochs. To facilitate the training process, the network is trained on a Titan-X GPU, where
approximately 20 images can be processed per second. The source code of this study are
publicly available at: https://github.com/xingfang912/Understanding-deep-learning
Table 2 illustrates the testing accuracy achieved by the network with respect to the two
classification tasks. Even though the task of emotion recognition has much fewer classes
than the task of facial recognition, it turns out that the former task is more prone to

over-fitting (Fig. 5).

Evaluations on miss-classified cases
For the facial recognition, the network has 59 miss-classified cases (17 in 45°, 19 in 90°,
23 in 135°), involving 37 subjects. Subject 48 is the most confusing person to the net-

work, where the subject was miss-classified the most (four times).

Table 2 Testing accuracy

Facial recognition Emotion recognition

Training size 2412 Training size 2400

Testing size 2412 Testing size 2424

Classes 67 Classes 8

Accuracy 97.55% Accuracy 90.97%
1.0

~=+ emotion
o—eo facial

testing error rate

20 40 60 80 100

Fig. 5 Error rate of the network
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For the emotion recognition, the network miss-identified 219 testing cases (73 in 45°,
70 in 90°, 76 in 135°) that include 56 subjects. The “sad” expression was missed the most,
for 57 times, where it was identified as “neutral” for 31 times. The “surprised” expression

was missed for only four times.

Analysis using backtracking and deconvolution

Motivation and the backtracking process

The preliminary evaluation only gives us a general idea towards the networks’ perfor-
mance. We are still far from having a complete understanding of the networks, especially
regarding the mistakes that they made. Since performing deconvolutions on a trained
CNN allows us to discover the features learned by the network, we are motivated to find
out what are the facial features that can lead to the miss-classifications. This task can be
achieved under the assistance of the backtracking process.

The backtracking process aims to track down the activated neurons from the output
layer all the way back to the input of the first dense (FC) layer. Let a/~! denote the activa-
tions in the (/ — 1)th dense layer. Assuming there are m neurons in this layer and # neu-
rons in its next dense layer, /. Then a/~!is a vector that has m real values and the weight
matrix, W, between layer / — 1 and layer / has the shape of m x n. The back-tracking
layer is designed based on the following observation: The activation in layer / at neuron
k depends on the sum of the element-wise multiplication between a!~! and the kth col-
umn of W.

To further explain the idea, let us consider the very last two layers of a trained CNN.
Let the activation function in the / — 1th layer be ReLU and let the /th layer be the output
layer with the non-linearity set to be the soft-max function:

exk

>, 2)

Figure 6 is showing that the output layer indicates that the input data belongs to the
kth class by having the maximum activated value, e*, on its kth neuron. Since €* is a
monotonically increasing function, the value of ¥ is fact determined by x, which it is
computed as:

m
= ai WSt by (3)
i=1
571 is the ith element in a/~ \/Vik is the ith element in the kth column of W; by is
the kth value in b, which is the bias with respect to W. Since the biases in deep learning

where a

usually consist of small values, x is largely determined by the sum of the element-wise
multiplication, >/~ ; af_l . Wik,

Because the values in a/~!

are either positive or zeros, due to the activation of ReLU,
we claim that if the ith neuron is an activated neuron in the (/ — 1)th dense layer, it holds

the property such that af_l . VVik > 0.
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Fig. 6 Forward propagation of the last two layers of a CNN

The algorithm of backtracking is provided for performing more generalized backtrack-
ing processes with any given number of dense layers. The algorithm requires a trained
neural network that has n FC layers before the output layer. W1, ..., W, are the weight
matrices for each of the FC layers, and W, is the weight matrix of the output layer. The
algorithm, at first, tracks down the activated neurons in the last FC layer. It then moves
on to track such neurons in the previous FC layers. The algorithm finally outputs the
indices of activated neurons. If the network is a CNN, the output of the algorithm is a set
of pixel indices, where the pixels contain the features from the set of feature maps that
determine the result of the classification.

Algorithm 1 The Backtracking Algorithm

Input: Wy, ..., Wy, and W,
Output: L
Step 1:
Perform forward propagation to compute k, and a1, ..., an,
Set L «— @ and L_old + 0

Step 2: Compute L_old
for the it" row in W, do
if anli] - Wo[i][k] > O then
L_old «— 1
end if
end for

Step 3: Compute L
for j from n to 1 do
for i in L_old do
for the r*" row in W, do
if a;[r] - W;[r][¢] > O then
—r
end if
end for
end for
Lold— Land L — 0
end for
return L _old as L

Page 8 of 14
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Visualization of the feature maps

Figure 7 uses the feature maps generated by the Tiny VGG network to demonstrate the
effect of the backtracking process. The images in the figure are miss-classified testing
cases from both classification tasks. For a better visualization purpose, we modify the
pixel intensity values such that the black pixels are used for showing the facial features
and the gray ones are used for the background.

The feature maps (the middle rows in Fig. 7) are in size of 28 x 28, indicating they are
the feature maps serving as the input of the first FC layer of the network. Same feature
maps are plotted in the bottom rows, where each of them has several missing pixels.
Those missing pixels consist of the facial features, such as eyes, noses, mouths, eye-
brows, and cheeks, which are discovered by the backtracking process. It is clearly to see
that the feature maps in facial recognition have much more missing pixels than the ones
in the emotion recognition. In fact, the average number of the missing pixels is 811 for
the facial recognition and 188 for the emotion recognition. This fact suggests that there
are more pixels (or facial features) contributed to the classification for the facial recogni-

tion than the emotion recognition.

Visualizing the features through deconvolution

In this subsection, we visualize the facial features that lead to the miss-classifications
in both tasks. To do this, we apply the process of deconvolution, which provides top—
down projections by mapping activations in feature maps generated in intermediate lay-
ers back to the input pixel space, showing the patterns that were learned by the feature
maps.

The feature tracking algorithm provides a detailed description towards the visualiza-
tion process. D = {d;} is a set of miss-classified images extracted from the testing set.
The process outputs D', which is a set of images consisting facial features that lead to the
miss-classifications. The backtracking algorithm is applied to obtain a L for d;. To gener-
ate M;, it is crucial to save all the feature maps, M;, which are used as the input of the

Fig. 7 Above the line: feature maps in facial recognition. Below the line: feature maps in emotion recogni-
tion. Top row: original images. Middle row: feature maps. Bottom row: feature maps with missing pixels
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first FC layer of the CNN, generated during the forward propagation process. By sup-
pressing the activations in 1, it means the activations are replaced with values, such as
zero. This will not allow the features that lead to miss-classifications to be mapped back
to the input pixel space. Finally, we are able to obtain D’ by computing the difference
between dd; and dd.

Algorithm 2 The Feature Tracking Process

Input: a trained CNN and D
Output: D
D —0
for d; in D do
apply the backtracking algorithm to obtain L
S—0
for each feature map, m, in M; do

m — suppress the activations in m using L
S «— m/
end for
M, — S
dd; <+ Deconvolution(M;)
dd; — Decom;olution(Mi')
D' — |dd; — dd}|
end for
return D

Visualization and analysis of the features
Figure 8 illustrates the features that are discovered by the feature tracking process. The
same modification is applied onto the pixel intensity values for visualization. The 59
images are from the miss-classified cases in facial recognition. We can observe that the
facial features leading to the miss-classifications are generally distributed over the entire
faces, including eyes, nose, cheeks and mouth.

To examine the features in both correct and miss classifications, a comparative analy-
sis is conducted based on two very similar images (Fig. 9) from the same person (subject

Fig. 9 a Correctly classified case; b miss-classified case
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40), with the only difference between the two images is the subject’s gaze direction.
The backtracking process is able to discover 623 and 693 activated pixels for Fig. 9a, b,
respectively. And there are 547 pixels in common, in terms of their positions (pixel indi-
ces) in the feature maps. A closer observation (Fig. 10) identifies that the activation val-
ues of those pixels are largely different. To further understand how the pixels can affect
the classification, we compare the results of the classifications with and without those
pixels.

With the pixels, the results of the classification are: 0.99 on Fig. 9a under the class 40;
0.8 on Fig. 9b under the class 65 and 0.18 under the class 40. This indicates that the net-
work has almost 100% of confidence that Fig. 9a should belong to subject 40 and it has
80% of confidence that Fig. 9b belongs to subject 65. To obtain the results without those
pixels, we set their values to zero. In this case, the network’s confidence with respect
to Fig. 9a drops down to 0.8 x 107> under the class 40, which is nearly zero percent. Its
confidence under the class 65 and the class 40 regarding Fig. 9b also drops to 0.0015
and 0.0006, respectively. In fact, after we apply the same analysis to the rest of the 58
images, we discover that common pixels largely determine results of the classifications.
The activation values in those pixels are the decisive point in terms of the accuracy of the
classification.

For the emotion recognition, a similar analysis is conducted based on the two groups of
images (Fig. 11). Images in group A belong to the miss-classified cases; Images in group
B are visually similar to the images in A but can be correctly classified by the network.
The backtracking process is applied to both groups in order to identify the activated pix-
els. Unlike the situation in facial recognition, the common pixels do not contribute much
for the miss-classifications. However, we discover that the activated pixels uniquely
belonging to the feature maps of the images in group A can determine the classification
results. In other words, those pixels are from the facial features leading to the miss-clas-
sifications. This can be proved that once their values are suppressed (setting to zero), the
classifications will become correct. Table 3 lists the probability distributions of the eight
cases in Fig. 11. By applying the feature tracking process based on those unique pixels,
Fig. 11 also shows the facial features that lead to the miss-classifications.

16
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Fig. 10 The values of the common pixels
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Fig. 11 Top: selected images from group A, emotions from left to right are miss-classified as: fearful, con-
temptuous, neutral, angry, disgusted, sad, surprised, happy; middle: selected images from group B; bottom:

facial features that lead to the miss-classifications
k v

Discussion and future work

In our early experiments, we did try to use the existing ConvNets such as the VGG-
16 and the VGG-19. The training of the two networks fails on both classification tasks,
due to the vanishing gradient problem. That is why we decided to reduce the number

Table 3 The distribution of confidences

Probability
Angry Contemptuous Disgusted Fearful Happy Neutral Sad Surprised

Case 1

Before 6.36e—10 4.5e—7 6.71e—7 9.8%—1 259%—12 334e—3 727e—3 5.10e—4

After  557e—=5 27le—4 557e—=5 1.22e—1 557e—5 579%—-3 872e—1 557e=5
Case 2

Before 192e—1  6.95e—1 267e—6 3.66e—10 6.52e—10 3.17e—=5 1.13e—1 1.39%-12

After  9.12e—1  4.56e—3 7.68e—7 745e—7  745e—7 172e—6 832e—2 745e—7
Case 3

Before 2.70e—9  1.86e—7 7.106e—=11  413e—1 126e—11 587e-1 241e—6  2.90e—9

After  1.32e—9 307e—9 132e—9 9.9%—1 132e—9 553e-5 184e—9 132e-9
Case 4

Before 9.75e—1 547e—6 495e—10 794e—12 209%—17 6.16e—9 246e—2 143e—13

After  1.54e—2  697e—5 1.04e—7 1.04e—7 1.04e—7 299%—6  9.85e—1 1.04e—7
Case 5

Before 6.89e—9  2.55e—6 9.54e—1 430e—2 870e—10 252e—3 487e—5 38le—7

After  9.58e—5  9.74e—5 1.14e-2 808e—1  958e—5 1.66e—1 135e—2 9.58e—5
Case 6

Before 9.64e—2 7.11e—4 1.92e—10 2.00e—5 1.77e—14 217e—4  9.03e-1 444e—15

After  9.87e—1 7.78e—4 121e—-8 126e—8 121e—8 4.12e—7 1.18e—2 121e-8
Case 7

Before 2.08e—13 9.97e—9 566e—16 336e—1 129e—14 153e—1 237e—9 51le-1

After  513e—7 5.13e—7 513e—7 898e—1  513e—7 985e—2 513e—7 3.25e-3
Case 8

Before 2.81e—12 1.02e—10 1.74e—1 1.65e—17 826e-1 852e—15 441e—14 139%—-18

After  6.55e—10 6.55e—10 9.7%—1 6.55e—10 2.13e—2 655e—10 6.55e—10 6.55e—10

Italic values indicate probabilities of the miss-classified classes (before the suppression) and the probabilities of the correct
classes (after the suppression)
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of convolutional and max-pooling layers. We also avoid to use layers that do not yield
visually appealing results in deconvolution, such as the average-pooling layer and the
inception layer. We also explored some advanced numerical optimization methods like
Adam and Adagrad, where we found the advanced methods were outperformed by the
traditional stochastic gradient decent.

One possible future work is to apply data augmentation techniques onto the training
data in order to improve the accuracy for emotion recognition. Especially, the augmen-
tation will be focused on the facial features that lead to miss-classifications.

Conclusions

Convolutional neural networks have been widely adopted in solving problems in com-
puter vision. Rather than focusing on proposing new network architectures, we decide
to take a closer look at the miss-classified instances in order to gain a better understand-
ing towards deep learning. Specifically, we firstly propose the back-tracking process that
enables us to trace the activated pixels from the feature maps. We then propose the fea-
ture-tracking algorithm to visualize the facial features that lead to the miss-classifica-
tions. For the facial recognition, the activations of the common pixels are decisive for the
result of classification. For the emotion recognition, the activations of the unique pixels
indeed determine the result of classification.
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