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Abstract:

This paper brings the topic of comparison of optimization techniques using gradient descent, gradient
descent with momentum, Adam and learning rate decay in combination with previous optimization al-
gorithms for face recognition using deep neural network. This paper compares several settings of these
techniques as well as techniques among themselves with combination of regularization techniques var-
ying in using no regularization, L2 regularization and dropout to successfully recognize the sex of a
person captured. The result of the evaluation is taken in a matter of successfully recognized face rate
for training data and test data, cost and deep neural network learning time.
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A [Introduction

Currently humanity relies on computers in more extent than ever before and this trend is still
on its arise. One of abilities of computers is also image processing called computer vision. Computer
vision could be used in wide range of application as object detection, situation development predic-
tion, object identification, object recognition and many more.

In this paper we will analyze the topic of success of different optimization algorithms with
different learning rates and regularization techniques used in the context of person’s sex recognition
based on the given facial photo as a subject of face recognition. As a dataset the UTKFace library is
used. Original dataset consists of over 20 000 face images with annotation of age, sex and ethnicity.
The images cover large variation in pose, facial expression, illumination, occlusion, resolution, etc.

[1].
A 1 Regularization Techniques

Regularization presents one of methods used for reducing the overfitting of data. One of the
options is to increase training data, but another are regularization methods such as L2 regularization
or dropout.
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A. L2 Regularization

L2 regularization technique has many synonyms and it is known also as weight decay or
Tikhonov regularization and as ridge regression in statistics. L2 regularization is most used method
of regularization. The principle of L2 regularization is to add extra term to the cost function and
regularize the cost function. A modified cost function is expressed by formula:

J©) = J(6) + =Ly W? )

Where J() is a cost function, A is a regularization parameter, n is size of a training set and W
is a weight in network [4].

B. Dropout

Not only overfitting, but also the neural network size could be solved by regularization. In
case of large neural network, we could focus on a technique called dropout to reduce the size of
neural network and to speed up the learning process of the algorithm. The idea of dropout is based
on dropping out units, in this case neurons, in a neural network. These units are chosen randomly
with a probability of g=1-p . If the unit is chosen to be dropped out, then all incoming and outcoming
connections are abandoned. Randomly dropping neurons ensure each neuron to learn something use-
ful on its own instead of relying on other neurons [5].

With consideration of a neural network of a size of L layers, where index of neural network
layerlisl €{0, -, L—1}, [ = 0isaninput layer and | = L — 1 is output layer. Input and output vectors
in hidden layers are computed according to relation:

X)) = Dy O 4 pa+D) @)
y(l+1) — a(x(l+1)) (3)
where x® refers to input vector of layer I, W ® is weight parameter, y® refers to output layer

vector to layer I, b® is bias parameter at layer | and a(x(®) is an activation function. Previous equa-
tions (2) and (3) change to:

6i(l) ~ Bernoulli(p) 4
§O = 50 @ yO (5)
XD = DGO 4 pa+) (6)
yHD = a(x™D) )

by applying dropout, where ® is element by element multiplication, 851) is a Bernoulli ran-
dom value of neuron i at layer | [5].
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h 2 Optimization Techniques

In the experiment of recognizing sex of a subject by provided face photography, optimization
methods such as gradient descent, gradient descent with momentum and Adam were used. As the
algorithms provide different approaches to the problem, they also generate different results for set-
tings provided.

A. Gradient Descent

Gradient descent is considered as one of the most popular method to optimize neural network.
The main technique is performance of minimizing cost function J(@) with the parameter 6 updating
parameters in reverse direction of the gradient of the cost function V,J(8) with respect to the param-
eters [2].

Gradient descent varies in volume of data processed to compute the gradient of the objective
function. Gradient descent could be a batch gradient descent, stochastic gradient descent and mini-
batch gradient descent. The difference is, that batch gradient descent computes the gradient of the
cost function for the whole dataset, while mini-batch gradient descent computes gradient respectively
to data divided into small datasets and stochastic gradient descent computes gradient for each train-
ing example. In this paper we will consider a gradient descent as batch gradient descent. For com-
puting the gradient of the cost function with respect to the parameters we will use the following:

6 =6 —n- V) @)

where @ is standing for parameters, that are updated by gradient VyJ(8) multiplied by param-
eter #, a learning rate [2], [6].

B. Gradient Descent with Momentum

As we could see in the previous part, there are some oscillations across epochs. These oscil-
lations slow down the convergence to minimum. Gradient descent with momentum is an optimization
algorithm which relies on exponentially weighted averages. This method smoothens the oscillations
by adding a fraction y of the update vector of the past time step to the current update vector v and
update parameters 6 by:

Ve = YV + 1 - VgJ(6) 9)
0 =6 —v, (10)

The momentum term v is usually set to 0.9 or a similar value [3].

C. Adam

Adaptive Moment Estimation or also so-called Adam is an optimization technique computing
adaptive learning rates for each parameter. Adam, just as Adadelta or RMSprop, stores exponentially
decaying average of past squared gradient s,, but on the other hand, also keeps an exponentially
decaying average of past gradients v,, like momentum:

5
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vy = Biveq + (1 —B)Ve/(0) (11)
Se = PBaSe—q + (1= B2)Ve](0)? (12)

v, and s, are estimates of the mean and uncentered variance of the gradients respectively.
Both variables are initialized as vectors of zeros. Problem is, they tend to bias towards zero and
therefore they must be bias corrected first. The bias-correcting looks like:

corrected — vt
vf = Th (13)
1
corrected — _St__
St = 1opt (14)
2

With corrected mean and variance, the Adam update parameters rule is as follows:

9t+1 — gt_ n vtcorrected (15)

Stw rrected | ¢

As the authors [12] of the algorithm propose default values of B, = 0.9, B, = 0.999 and
£ = 1078 [2][3][7], this experiment adopt these values as well.

D. Learning Rate Decay

Learning rate decay is a form of learning rate scheduling, which if done well, can result in
significantly faster convergence and convergence to a better minimum. Initial large steps enable a
rapid increase in the objective function, but later smaller steps are needed to descend into finer fea-
tures of the loss landscape.

Some of the learning rate scheduling methods include exponential scheduling, where learning
rate decays as:

-t
Ne = 1Mo * 107 (16)
Another learning rate decay as a power scheduling is used by Bottou [8] or Xu [9] as follows:
e = Mo(1+2)7 (17)
where c is a “problem independent constant” [10].

A learning rate decay used for this experiment is inspired by one used by Andrew Ng [11]:

1
1+ ol

e = (18)

h 3 Case Study

Deep neural network models applied on this experiment were built, trained and tested on a
laptop consisting of Intel® Core™ i5-7200U 2.50GHz — 2.71GHz Processor and 8GB GeForce
940MX RAM.

6
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For this experiment the original dataset was cut in the numbers and age scale. Used dataset
consists of 454 face images of people ranged in age of 18 to 60 included. The composition of dataset
was a composition of 185 male and 269 female face images, which were selected randomly.

Ia &
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Fig.1. Example of training data.
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As a training set and test set face images were preprocessed to size of 64x64 pixels and the
rgb color palette was shrank into greyscale and standardized to divide the number representing a
pixel by 255 for faster data processing.

There we 81 different deep neural network models created to test the accuracy of reading and
recognizing the sex of a person by face. Models were a combination of no regularization technique,
L2 regularization and dropout method with optimization algorithms such as gradient descent,
gradient descent with momentum and Adam. Afterwards, learning rate decay optimization method
with different values was used in a combination with all mentioned regularization and optimization
methods to support wider range of models and their settings. Initial learning rate varies in value in
0.05, 0.005 and 0.0005. A general model setting is a 3NN layer model containing 4096 input nodes
in input layer representing each pixel of a photo, 20 nodes in first hidden layer, 5 nodes in second
hidden layer and 1 node in output layer resolving in 0 for a male and 1 for female.
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Fig.2. 3NN Deep neural network architecture.

As an evaluation tool, a successful sex recognition of provided face image from training set
and test set, cost function and learning time of a model was used to ensure a selection of a model that
would not be only accurate in the results of face recognition, but also it would be the fastest one to
guarantee the recognition in real time. The total value of a model is computed by the following

relation:
max_tt— tt

V= 08" train_A + test_A + (29)

max_tt

where V is a value of network, train_A is accuracy of training data, test_A is accuracy of test

data, max_tt is maximum total time of model training out of all created models and tt is total time of
current model training. By increasing the value V we obtain better mathematical model. The best and
the worst results will be provided to not overload with unnecessary data.

7
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A. Models Compared by Regularization Method

a) No regularization method in proposed main model setting and with provided data varied in

results of value of network from 1.06 to 2.35.

Table 1. Models with no regularization.

Total Description

value Settinas Training set Test set Total training
g accuracy [%] accuracy [%] time [s]

2.35 Gradient descent, Ir = 0.005, Ird = 0 99.74 84.05 86.7958

1.06 Adam, Ir =0.005, Ird = 0.5 59.22 59.42 301.3619

As we could see in the Table 1., without use of any regularization method, the best results pro-
vides model with gradient descent using learning rate 0.005 with use of no learning decay.

O = Gradient descent R = None Lr = 0.005
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cost

0.4 1

0.2
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—
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epochs (per 10)
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Fig.3. Cost function of model using gradient descent, no regularization and learning rate 0.005.

b) L2 regularization vary in value of network from 1.22 to 2.33. The bottom line is better than
with use of no regularization, but the upper line is a bit worse, what favors no regularization at all
in a comparison of L2 regularization and no regularization in this case.

Table 2. Models with L2 regularization.

Total Description
value Settinas Training set Test set Total training
9 accuracy [%] accuracy [%] time [s]
Gradient descent with momentum,
2.33 Ir = 0,005, Ird = 0 2.33 85.50 2.33
1.22 Adam, Ir =0.005, Ird = 0.5 1.22 59.42 1.22

By comparison of no regularization method and L2, we could conclude in poor results for Adam

algorithm, but with L2 regularization in better total training time.

8
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O = Gradient descent with momentum R = L2 Lr = 0.005

0.7 4

0.6

0.5 4

0.4 4

cost

0.3 4

0.2

0.1

T T T T
400 600 800 1000
epochs (per 10)

(=]
(]
o4
=1

Fig.4. Cost function of model using gradient descent with momentum,
L2 regularization and learning rate 0.005.

c¢) Dropout regularization results are the worst out of all regularization methods. As in other
cases, in this time Adam has the worst results and on the other hand, gradient descent leads the
regularization in this case too, but with overall poor results. The cost function of the best model using
dropout shows us, that the algorithm can provide better results, but in cost of more epochs and so longer
training time.
Table 3. Models with dropout.

Total Description
value Settinas Training set Test set Total training
Y accuracy [%] accuracy [%] time [s]
Gradient descent,
2.01 Ir = 0,005, Ird = 0 72.46 75.36 96.7259
1.13 Adam, Ir =0.005, Ird =0 59.22 59.42 280.5022

O = Gradient descent R = Dropout Lr = 0.005
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Fig.5. Cost function of a model using gradient descent, dropout regularization and learning rate 0.005.
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B. Models Compared by Optimization Method

a) Gradient Descent is taking the all data at once and therefore it may appear slower than the
other solutions, but in this case of data it was necessary to use the whole batch instead of mini-
batches, because mini-batches of size of 64 or 128 samples created noise around one certain value
without any sign of improvement as we can see below:

Optimizer = Adam Regularization = NonelLearning rate = 0.5

5.6 1

5.4 1

5.2

cost

4.8

4.6

4.4

T T T
60 80 100

epochs (per 100)

T T
120 140

Fig.6. Use of mini-batch in experiment creating oscillations and fluctuations.

Changing the optimization or regularization technique did not get rid of the noise around one
certain point and therefore the idea of using mini-batch in a case of this experiment was not consid-
ered, but instead a batch gradient descent was used. The Table 4. depicts the same settings for no
regularization method and for gradient descent optimization as the best combination so far. As for gra-
dient descent, the worse thing to do is pick L2 regularization, high learning rate and too fast learning

rate decay.
Table 4. Models with gradient descent.
Total pejscnptlon —
value Settings Training set Test set Total training
accuracy [%] accuracy [%] time [s]
No regularization,
2.35 Ir = 0,005, Ird = 0 99.74 84.05 86.7958
1.69 L2, Ir=0.05Ird =1 59.22 59.42 112.4739

b) Gradient Descent with momentum method in proposed main model setting and with pro-

vided data varied in results of value of network from 1.06 to 2.35.

Table 5. Models with gradient descent with momentum.

Description
Total — —
value Settings Training set Test set Total training
accuracy [%] accuracy [%] time [s]
No regularization,
2.34 Ir = 0,005, Ird = 0 99.74 84.05 87.7204
1.73 Dropout, Ir =0.0005, Ird = 1 63.63 60.86 1145733

10
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Gradient descent with momentum compared to gradient descent with same parameters gives the
same result, but in a bit longer time, while the worst results are an improvement in training set accuracy
as in test set accuracy.

O = Gradient descent with momentum R = L2 Lr = 0.005
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Fig.7. Cost function of model using gradient descent with momentum,
L2 regularization and learning rate 0.005.

¢) Adam optimization method brings comparable results when it comes to training and test
accuracy, but the total training time is almost double of gradient descent, what lowers a total value
of the model used with this optimization algorithm for selected problem.

Table 6. Models with Adam.

Total Description
value Settinas Training set Test set Total training
9 accuracy [%] accuracy [%] time [s]
No regularization,
2.08 I = 0.0005, Ird = 1 99.74 84.05 167.1711
No regularization,
1.06 Ir = 0,005, Ird = 0.5 59.22 59.42 301.3619

O = Adam R = None Lr = 0.0005 Lrd = 1

100

80 4

60

cost

40 4

20 4

Fig.8. Cost function of a model using Adam, no regularization,

T T T
200 400 600
epochs (per 10)

T T
800 1000

learning rate 0.005 and learning decay 1.
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Curve of cost function of the best Adam model was incomputable at the early stages for its high
value.

d) Learning rate decay during experimental process acquired several values: 0, 0.5 and 1,
which significantly influenced the whole learning process.

Table 7. Models with Adam.

Description
Total — —
value Settings Training set Test set Total training
accuracy [%] accuracy [%] time [s]
Gradient descent, No regularization,
2.35 Ir=0.005, Ird = 0 99.74 84.05 86.7958
Adam, No regularization,
1.06 Ir = 0.005, Ird = 0.5 59.22 59.42 301.3619

A Conclusion

The evaluation of several models with different regularization techniques such as models with
no regularization technique at all, L2 regularization also called weight decay and dropout regulariza-
tion was done. In this case, considering training set accuracy, test set accuracy and total training time,
a best option would be skip the regularization completely.

Out of all optimization method, the one that works best with this kind of a problem and pro-
vided data set, a gradient descent would be the best resulting option, while Adam would be the least
option. From another point of view, learning rate decay in this case has no place here and it would
be the best to omit it.

If we would look at the results solely by test set accuracy, we would receive different results,
a L2 regulated model with use of gradient descent with momentum optimizer, learning rate of 0.0005
and learning rate decay of 1, but in cost of total training time. Sometimes it is better to have a little
bit less accurate system than have one too slow.
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