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SUMMARY

Thanks to the development of new technologies, Machine Learning has been a crucial turning
point for the engineering research. It is a branch of Artificial Intelligence and it has become an
efficient tool for problem solving in many fields: self-driven cars, biomedical research, software
and even hardware problems can be solved through Machine Learning. In this project, we will
show an application for object detection.

Almost all of the existing algorithms for object detection make use of a CNN to decrease

the dimensionality of the processed data. However, this type of network has a very high
computational cost usually, because of the large number of parameters. The purpose of this
research is to design a model-based algorithm that tries to bypass the CNN. In other words,
we created a predictive neural network which is able to predict future sliding windows of the
detection algorithm. During the training of the Deep Q-Network, the transitions from one state
to another are recorded and stored in a memory, which will be used as training data for the
predictive network.
The final structure of the algorithm will be made up of two parts. The first one is the network
described above, which forecasts the taken action by the object detection algorithm. The second
part of the schematic is the Deep Q-network, which exploits the Markov Decision Process for
the Reinforcement Learning algorithm.

At the end, we will show the results, the goals achieved and we will discuss about some

future work.
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CHAPTER 1

INTRODUCTION

Machine Learning is a wide area of research that was born in the middle of the XX century
and it has been developing throughout the last years. In particular, in the 80s and 90s, engi-
neers defined the basics of Machine Learning, such as backpropagation, SVM, recursive neural
networks and so on. It is a branch of Artificial Intelligence and its goal is to give an algorithm
the capability of thinking and having the consciousness of a human being. In particular, it
has become possible to teach (or better, to train) a neural network how to recognize objects
(Supervised Learning), how to distinguish classes of objects and find similiraties (Unsupervised
Learning) and make decisions based on the past experience (Reinforcement Learning). One of
the most challenging aspects of Machine Learning is to translate a real scenario into the digital
world. As a matter of fact, the human being is able to capture, analyze and make decisions
using a very large number of data, even without being aware of it. However, during a computer
simulation, the capability of a memory is still limited. The purpose of this project is to try to

decrease the complexity of the operations during the object detection algorithm.

1.1 Motivations

This project comes from the personal interest in Machine Learning and the progressive
research of the professor Amit Trivedi. It has been conducted in AEONLAB laboratory at

University of Illinois at Chicago. One of the main reasons that motivated us to research on this



project is to try to overcome the computational complexity in the computer simulations that
usually affect Computer Vision engineers. In fact, the project will be focused on the speed of the
computations rather than the Reinforcement Learning algorithm itself. The starting question
of this project was: in a real scenario, how can I reduce the complexity of the algorithm in
order to make things go faster? How can we approach real-time simulations? This work can be

adopted for many applications that make use of algorithms for object detection.

1.2 Thesis structure

In chapter 2, we will briefly introduce the already existing methods for Object Detection,
starting from the most primitive ones.

In chapter 3, the model-free and model-based algorithms are introduced and the design of
the new networks is shown.

In chapter 4, the compatibility of the new structure with the previous one is discussed.

In chapter 5, results are shown with respect the previous works and then a brief discussion
on the behavior of the algorithm is shown.

In chapter 6, it is provided the conclusion of this project and some future works are discussed.



CHAPTER 2

BACKGROUND

In this chapter, we will discuss about Object Detection in general terms and then we will
focus on the first methods that already exist.

Object Detection is a part of the science called Computer Vision. The goal of this area of
engineering is to make a computer see as human beings do. Object Detection is made up of two
parts: image classification and object localization. The first deals with image recognition and
it can be developed through supervised learning methods; the goal is to recognize the object
and classify it under a certain category. The second deals with localization of the object in the
image: the goal is to identify the position by sorrounding it with a bounding box.

The consequences are huge: a car that is able to see in real-time simulations can bring to
complete self-driving vehicles, an object detection algorithm can help doctors to identify cancer
cells, videogames algorithms can interact better with the player as it was a 1v1 game, and so
on. The applications are several and it can be a great step forward for Artificial Intelligence.
Although it is a wide area of research and many valid algorithms have been developed, Object
Detetion was born recently: in 2012 the algorithm RCNN was developed, in 2015 algorithms
such as YOLO and Fast RCNN were published and in 2017 the code for SSD algorithm was

written. In the next sections, we will briefly discuss about these algorithms.



2.1 Primitive methods

The very first algorithms are analyzed. They are very slow and have a very high computa-

tional cost. However, they have been the basis for the next generation algorithms.

2.1.1 Sliding window

This method is the first one ever developed for Object Detection. As we will see, it is very
expensive in terms of computations.
The idea is to analyze the entire image, by sliding a window that scans every pixel of the

image.

Figure 1: Sliding window algorithm



After scanning the entire image, the windows are fed to a CNN network (usually AlexNet)
which creates feature vectors of each sliding window. AlexNet is a type of CNN which has 60
million parameters and it is used also for windows that do not contain any target. For this
reason, the comptations take a very long time and the average speed was 20 seconds/image [1],

which is not even near real-time applications.

2.1.2 Region Proposal Network (RPN)

This method approaches the problem in a totally different way. The algorithm creates
anchor points on the entire image. For every point in the image, 4 or 6 bounding boxes with
different sizes and shapes are created. Every box is then fed to a CNN which creates the

extracted features. Then, the ground truths are compared to them.

Figure 2: Anchor points and bounding boxes.



The speed of the computation of this method is not actually increased with resect to the
previous one, since the entire image is processed by the CNN, even those boxes that do not

contain any objects. However, this algorithm brought to develop algorithms such as RCNN.

2.1.3 RCNN

RCNN (Region-based Convolutional Neural Networks) was a huge step forward for Object
Detection algorithms. The principle is very similar to RPN. However, there are a couple of
differences: the first difference is that the number of regions created is fixed and it is equal to
2000. Then, the generated image proposals are fed to a CNN that extracts the feature vectors
of each box. The convolutional network used was the one described at [2]. After that, the
different outputs are classified by an SVM algorithm, which is able to classify the objects inside

the proposals [4].

Figure 3: Example of proposals for RCNN.



In order to identify and to compare the different objects with the ground truth, the algorithm
calculates the Intersection over Union (IoU) between the bounding boxes and the target (in
Figure 3, an object was identified in green). The work at [4] shows a 30 % of improvements

over the previous results on the dataset PASCAL VOC 2010.

2.1.4 Fast RCNN

The problem with RCNN is that the detection of an object is still slow. This is because the
convolutional forward pass is computed for every proposal. Furthermore, since feature vectors

are extracted for every proposal, the training takes several days and hundreds of GB of memory.

Outputs: bbox
softmax regressor

FC FC
FCs

Rol feature
vector

For each Rol

Figure 4: Structure of Fast RCNN.

Fast RCNN described in [6] proposes a new process of feature extraction. As it is shown in
Figure 4, the entire image is extracted from a CNN, creating a feature map. The actual object
detection is then computed with the feature vectores (proposals) extracted from the feature

map. The output is made up of two elements: the percentage of confidence for every class and



a 4 value-vector which corresponds to the bounding box in the image for the corresponding
object.

The results are very positive: in [6] it is shown that the training process is 18 times faster
than RCNN trianing while testing is even 98 times faster than RCNN (0.1 s/image vs 9.8
s/image).

2.1.5 Faster RCNN

The Fast RCNN can be speeded up even more. The structure is the same: the regional
proposals is computed after the CNN on the feature map, so also Faster RCNN is based on this

structure, unlike the first architecture of RCNN.

Object is a cat Refine BB position

Faster R-CNN

Object or not object BB proposal
Rol pooling

proposals i ;
Region Proposal Network !
feature map ”
pre-train image-net

CNN
y ,

—crr 77—

Figure 5: Process of the Faster RCNN algorithm.



As it is shown in Figure 5 [7], the difference is that on the extracted feature vectors several
bounding box with different sizes and ratios for the same anchor are created. For each one of
them, a classification loss determines if in the vector considered there is an object, even before
the SVM classifies the category. In this manner, the SVM structure is bypassed for all the
regional proposals that do not contain objects and it is used only for those regional proposals

that contain objects.

Comparisons R-CNN | Fast R-CNN | Faster R-CNN
Test time per image (with proposals) [s] 50 2 0.2
Speedup [s] 1x 25x 25x
mAP 3] 66.0 66.9 66.9

The table was taken from [8].

2.2 Modern approaches

Altough Faster RCNN increased the speed strongly, the previous works do not allow real-
time simulations. This brings to consider object detection algorithm as an end in itself. The
previous processes cannot be used for any realistic application.

Single shot detector methods represent the new family of algorithms for object detection.
Two very similar algorithms called SSD (Single shot MultiBox Detector) and YOLO (You Only
Look Once) represent a big step ahead in the Object Detection development and they have
been developed at the same time more or less. They both can be used for real-time application:

this is because of their very simple structures.
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2.2.1 SSD

Single Shot MultiBox Detector (SSD) makes use of just one CNN and one deep neural
network. For the training part, the algorithm only needs the input image and the bounding
box defined a priori [9]. The image is then discretized to a set of default bounding boxes. The

algorithm then chooses which set of bounding boxes is the closest to the ground truth.
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(a) Image with GT boxes (b) 8 x 8 feature map (c) 4 x 4 feature map

Figure 6: SSD bounding boxes and ground truth.

The results shown in [9] are very positive: the mAP (mean Average Precision, calculated
with respect to the Intersection over Union function) achieved is even better than YOLO and
it is equal to 77.2% for 300x300 input. However, even if this kind of algorithm can be used for

real-time simulations, the speed of computation is slightly less than YOLO: 19 fps vs 21 fps.
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2.2.2 YOLO

YOLO (You Only Look Once) algorithm is actually very similar to SSD: the principle is
still to adjust the bounding box to the ground truth given a priori. However, the difference is

that the image is subdivided into a grid.

Figure 7: YOLO process for 13x13 grid.

The first YOLO experiments were considering 7x7 grid. The precision and speed of the
computations strongly depend on the dimensions of the grid. As it is shown in the picture,
after creating the grid, the square containing the center of the ground truth is highlighted and
a bounding box around it is created. It is then reshaped in order to fit the object at the best
and then the object is categorized.

The high speed is given by the fact that the algorithm makes use of a single network: a CNN,
inspired by the GoogLeNet [5], where the fully connected layers predict the confidence of the

class and the coordinates of the bounding box.
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This method brings to have a very fast algorithm (21 fps and for fast YOLO the algorithm
can even reach 155 fps); however, since the dimensions of the grid cell is fixed, the detection
struggles with small object, since they might not be ”visible” to the bounding boxes. As a
matter of fact, as it was already mentioned in the previous paragraph, the mAP of YOLO is
slightly less than the other real-time detectors: 66.4% mAP.

In order to show how light and fast this algorithm is, for the first time ever the team implemented

this algorithm on mobile phones.

2.2.3 Object Detection with Deep Reinforcement Learning

At the end of 2015, a new approach for Object Detection was published [3] and the algorithm
itself will be showed better in the next chapter. The principle is very different from the previous
methods assumed previously. In this case, the computer takes an image as input and it is fed
to a CNN, which has a simpler structure with respect to the previous CNN used. However, it
still has more than 58 millions parameters, so this brings to have slow computations. The idea
is to apply Deep Reinforcement Learning and teach the Agent to take the best action in order
to approach the object. As it will be shown later in the next chapter, the first experiments with

the primitive design reaches a good mAP (46.5%), close to the fast RCNN mAP.
2.2.4 Leap
Our approach starts from the algorithm showed in [3]. However, our goal is to speed up the

process and bypass the CNN network, which is the heaviest part from a computational point of

view. This improvement was already achieved with Fast RCNN. However, the purpose is not
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to improve the object detection itself (it is part of future work), but to increase the speed and

get closer to real-time simulations.



CHAPTER 3

MODEL-FREE AND MODEL-BASED OBJECT DETECTION

3.1 Previous and related work

As already mentioned before, for the purpose of our project a previous work concerning
object detection was considered. In particular, we started from the model-free algorithm de-
scribed by [3].

With the strong development of the Reinforcement Learning in the last few years, [3] shows a
new idea behind object detection based on Deep-RL. As a matter of fact, the idea is to teach

and train a Q-network that takes the best action to approach the object.

3.2 Recap on Reinforcement Learning

We will briefly introduce and recap the Reinforcement Learning principles, since it will be
useful to understand the whole process better later.

Reinforcement Learning is one of the three categories fo Machine Learning: Supervised,
Unsupervised and Reinforcement. This last category deals with the science of decision-making
for computers. As a matter of fact, every Reinforcement Learning algorithm needs at least
four components: an agent (or action), a Q-function (or V-function, but in our case we will
consider a Q-function), a reward function and a policy. The process can be explained through

the schematic in the Figure 8.

14
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—>» Environment

action Reward| [State
R: St

Agent <E

Figure 8: Reinforcement Loop loop.

The environment is the input, which can be an image, a map, an audio, etc. In our case
it will be the image where we want to apply object detection. From the environment, the
algorithm takes a random state, which is fed to the Agent. The Agent is then responsible to
select the best action to take in order to get positive reward. As a matter of fact, after taking
the best action, the next state is compared to the environment and a reward is obtained, which
is defined a priori under a policy. The policy describes what are the best actions to be taken in
order to get positive rewards. The loop is very similar to the human learning process: in fact,
a human being takes action based on the past experience. The Q-function is useful because
is the function that tracks the good and bad actions: the higher is the g-value, the better the

corresponding action is and viceversa with bad actions. The only negative part of this process
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is that it does not exist a list of predefined Q-function, so the designer of the algorithm must
select the one that fits the process the best.
The Q-function is updated following the Markov Decision Process (MDP), which can be

explained by the following formula:

Q(S, A) « a| R+ ymaz 4 Q(S', A') (3.1)

As it is possible to see, the formula shows that the Q-values depend on the reward, the next
state and the action taken. More precisely, from one state S, a random action A between the
possible ones is taken and the next state S’ is observed. From this state, the best action A’
(according to the policy, it is the one with the largest Q-value) is taken. + is the discount factor
and in our case it is equal to 0.99 while « is equal to 1.

This process will update the Q-function which will have to weigh the good and bad actions.
At the end of the training the algorithm will know what the best action is for the corresponding
state.

However, in [3], it used Deep RL. Usually, Deep Learning is that discipline where Learning is
applied to extracted feature. As a matter of fact, Deep Learning is useful for applications such as
Object Detection, Image Processing, Audio Processing, where a CNN is typically used. In fact,
in our project, we will work with extracted features of the input image and the Reinforcement

Learning algorithm is applied on them.
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3.3 Model-free approach

In the previous work, it is used a model-free approach. This means that the algorithm does
not know the transition from a state to another and it interacts with the next state only when
the action is taken. Most of Object Detection and Reinforcement Learning algorithms follow
this method. In this subsection, we will briefly show the structure of the previous model and
its data-stream.

The structure is the following:

512
3-layer frs
S4x84x4 CNM 11
possible
actions

|y

Figure 9: Model-free algorithm structure.

The input is a Tensor of 4 RGB frames of the bounding box of 84x84 pixels each (if the

input boubding box is not square, it is adapted to be 84x84). Since the dimensionality is high, a
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pretrained CNN is used. The network has 3 convolutional layers and a fully connected one. As
already mentioned, the total amount of parameters of the CNN is 58 million parameters. The
output of the CNN is a 512-element vector: this is the number of data on which Reinforcement
Learning is applied. Since the ground truth is given a priori, the algorithm knows how to define
good and bad actions. In fact, the reward is calculated depending on the IoU of the current state
and the ground truth. This defines the Reward function, useful for the computations of (3.1).
The parameters of the last layer are updated through gradient descent and backpropagation.
The output of this final layer represents the g-values of DRL process. The higher these elements
are, the better the action is for that state to be taken. However, if only one action was to be
chosen for the current state, it would limit the detector (this concept will be analyzed better
in chapter 4). The method in this case assumes to follow a e-greedy policy. This means that
during exploration, the algorithm understands which action is the best for each state, picking
them up randomly. During exploitation, the algorithm takes the best action with the highest
g-value. However, due to the e-greedy policy (¢=0.2) approach, during exploitation, it is defined
a probability density function, so the action with the largest g-value is more likely to be taken,
but for some case, it may happen that the algorithm chooses some random action. The reason
behind this approach will be more clear in the next chapter, where more specific situations will
be analyzed.

The designed network outputs as many outputs as all the possible actions and this is a very
good point since the input image is fed to the model only once and the output is computed in

just one forward pass [3].
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3.3.1 Experiment

The experiment conducted on the model-free algorithm makes use of the Pascal VOC2012
dataset. In the previous work, 19386 images were used, % for the training, while a fifth
for the testing. The images and their corresponding targets are uploaded by the function
VOC2012_npz_files_writter.py. However, since the dataset is very large, the images are stored

in a memory in an efficient way in the function readingFileFE f ficiently.py .

Sequence of attended regions to localize the object

States
- - T - - T
Steps By eee & Bl eee tp—1 tn

Figure 10: Example of DRL for Object Detection.

In [3], the experiment was conducted on 20 different classes. The obtained mAP (46.1%) is
closed to the one obtained with RCNN (54.2%). On top of that, in order to better understand
how good the algorthm is, the recall function is calculated. In image processing, recall is the

metric that calculates the fraction between true positive and all the actual positive obtained.
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In [3], it is shwon that recall for this kind of algorithm is equal to 71%. This is a good result,

however all the other main object proposals algorithm (such as) reach at least 90%.

3.4 Model-based approach

The idea of our project comes from the fact that we wanted to see if this algorithm could
get closer to real-time simulations. We were inspired to the works that brought to design Fast
RCNN and Faster RCNN, which elude the CNN computational cost somehow. In fact, as
already shown previously, these two methods play with the CNN and find ways to bypass it.
The results are very positive and the average speed per image is increased.

The purpose of our work is to increase the speed of the computations of the algorithm. As
a matter of fact, the project was mainly focused on the CNN.

As a matter of fact, the DRL algorithm has not been changed. The structure and the flow
remain the same. However, there are still two big differences in the design. The first one is the
presence of a neural network, which has the goal to predict future states and actions; the second
one is that the output from the CNN is concatenated to another vector, which represents the
past actions history (the reason will be more clear after the next chapter). In the following
picture, it is shown the final structure of our proposed algorithm.

In the model-free approach, the Transitions (state,next-state,action) were not known and
the agent knew the next state only after the interaction with the environment. However, for
every Transition, the algorithm needed to go through the CNN and create the feature vector
corresponding to the current state. In the model-based approach, as the name suggests, the

goal is to create and work on an existing model, based on the Transitions recorded during the
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Figure 11: Final schematic of the model-based algorithm.

training of the Deep Network. In fact, the training of the entire Learning algorithm is divided
into two parts. First of all, the backpropagation and Gradient Descent are applied on the second
section of the network and using the Markov Decision Process (3.1) the weights are updated
in order to select the best action. During this process, the Transitions (state, next-state and
action) are all recorded in a replay memory. These data will be the training data used for the
Predictive Neural Network. This additional Neural Network has the purpose to predict the
next states in order to perform the leaps and bypass the CNN. As a matter of fact, the second
part of the Learning process is the training of the Predictive Neural Network. It is well known
that neural networks are useful for many applications and there exist many different typologies

for different purposes. The kind of neural network used for our project is very useful for stock
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market predictions, weather forecast or virus spreading. In general, for time series analysis, it

is possible to use fully-connected layers networks, as it is shown in [10].

3.4.1 Training principles

The best way to teach a predictive neural network a sequence is to train it considering the
flow of data in time. As a matter of fact, the only data we have is a sequence of data stored in a
replay memory. There is no input-output relationship to train the network with. Nevertheless,
the training desired outputs are intrinsic: since the goal is to learn a sequence, state and next-
state pairs will be alternatively selected. In other words, in the replay memory, one Transition
includes one next-state that will be the current state for next state. In informatic terms, the
input training data will be the states from 0 to n — 1 (where n is the length of the memory)
and the output training data will be the next-states from 1 to n. In this manner, the network
understands the sequence of Transitions. Figure 13 shows the schematic of the training process.

The design of the network will be showed better later.

The goal of this predictive neural network is to predict the future bounding boxes on the
images. As the name of the algorithm suggests (Leap), this model performs leaps on the image
in order to avoid to compare the state with the environment. In theory, with the correct design
of the neural network, this should be already enough in order to make the algorithm work well.

However, some more details must be considered.
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state,— next_state,

Figure 12: Schematic of the network training process.

3.4.2 Design

The goal of the project was to design another neural network lighter than the CNN, in
order to decrease the complexity of the structure of the model. Nevertheless, since there is not
a precise literature for designing this kind of networks, we needed more than one attempt in
order to obtain the best trade-off between speed and accuracy.

The first network designed had three hidden layers between the input and output. It was a
very complex and heavy design, but the starting point for the design was very close to the cost
of the CNN on purpose. In this manner, the goal was to understand if a fully connected layer

network was able to predict the Transitions. The three layer network has a symmetric design:
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the first and final layers had 4000 neurons and the layer in the middle had 6000 neurons for
a total of 52’116’000 parameters. Compared to the CNN, the complexity is very close. This
network is able to reach an average of 85.1% of training accuracy over all the categories. The

loss function that is optimized is:

L(w) = (y — out(w, x))? (3.2)

where w are the weights of the network while the function out(-) defines the function between
input and output. The accuracy considers those predictions that have the result of the equation
(3.2) less or equal to 0.001. At first, there was no activation function, so the relationship between
one layer and the other is linear. This is because at the beginning the nature of the feature
vectors were unknown and we wanted to give more freedom to the computations of the network.

Since the computational cost and the average speed per image do not decrease, the final
design could not be equal to the one that is just showed above. Anyways, designing a more
complex network was useful to show that a fully connected layer network was able to predict
and understand the sequence of the Transitions.
For the second design, the first step is to reduce the number of layers. Since the more neurons
the network has, the more feature it is able to extract, the number of neurons per layer does not
change much, but the number of layer is decreased to two. The two layers have 5000 neurons
each and the total number of parameters is 30,130,000, which is almost half of the total of the

CNN. With this design, the network was reaching less than 65% of training accuracy.
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In order to improve the training process, the type of input and output data was analyzed. Since
the data are extracted features, the main characteristics is that most of the elements are equal
to 0. In order to improve the accuracy, it is needed to add an activation function that would
output numbers greater or equal to 0 only. For this reason, the ReLU function is inserted in
the last layer of the network, so the negative input data are converted to 0 while the positive
elements are kept linear. In this way, the training accuracy reaches 80.4%.

At this point, the dimensionality of the network is decreased once more. The structure is
still symmetric and the number of neurons for each layer is 2500. With this number of neurons,
the total number of parameters is equal to 8,815,000. This is a huge step forward from a
complexity point of view with respect to the structure of CNN. The number of training data
used for the network is around 12k data, depending on how many steps are recorded per image.
Since this dataset is particularly large, the learning rate parameter n during backpropagation
is set to be equal to 107!, in order to make the updates slower. This process is very slow (it
takes 12h of training more or less), but the convergence is more guaranteed. As a matter of
fact, with these settings and the ReLU function on the last layer, the training accuracy reaches
78.6%. This is a good result, since it is not very far from the previous one.

It may seem that decreasing drastically the number of neurons does not affect the training.
Nevertheless, with 2000 neurons per image the accuracy decreases strongly and it does not get

bigger than 64%, which is not enough for our purpose.
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3.4.3 Improving the design

The designed network is working well. However, it is possible to show that this designed
network works for a little group of images, while for the rest is more or less random. At
this point, the reader can debate on the fact that the network is predicting some Transitions,
without knowing the context. As a matter of fact, until now the algorithm does not know
anything about the data: it does not have any information between one state and the next one,
the difference between one image and the next one, the different types of images that can be
fed to the network and so on. The designed network is only giving outputs given some certain
inputs, without differentiating the images.

If we think of the following images:

Figure 13: The same state for three completely different target positions.

In Figure 13, three very similar states are shown (in the top). However, the final target

positions of the target (in this case cars) are very different. For the design described above and
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the considerations discussed above, the algorithm should not distinguish the states to predict
and the behavior of the algorithm is random. For example, in the first picture of Figure 14, the
algorithm should go down until almost the last possible state, while for the second picture the
bounding box should stop in the middl eof the picture more or less. For the third picture, the
algorithm should predict to go right in order to get to the target. This result brings to make
some changes in the network.

The question is: how to make the algorithm distinguish the different states for the different
images? The solution comes from the idea that the more information is fed to the network,
the better the predictions are. Exploiting this property of neural networks, we wanted to give
a history for each state. The idea is to come to a state knowing which path the algorithm has
already followed. For example, if the image contains the sky, the car will definitely be on the
bottom of the image. In fact, if the the past actions are recorded, the network should predict
that the first actions to be taken should be to go down until the road is reached, and so on for
the rest of the images.

To do so, the past actions are recorded. The first memory that collected the past actions
encoded them in an 11-element vector, which was set to 0 and every time an action was taken the
corresponding element was increased by 0.1, since the elements of this further vector needed to
have the same magnitude of the feature elements, avoiding to give numbers with very different
magnitide, which would bring to computational issues.

Nevertheless, even if this would become the right way to follow, this starting design of the

past actions history failed. The accuracy decreased a bit but the behavior of the algorithm
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did not get better. The reason is that 11 elements are negligible with respect to 512 of the
feature vector and the network is not sensible to this increase of the input data dimension. The
solution to this problem is very simple: the actions are encoded in a 121-element vector (set to
0 at first) and every time an action i is taken, the corresponding iy, element is increased by
0.1, in order to maintain the same shapes of the input data.

The resulting input dimensionality is equal to 633. This brings to have an increase to the
ntotal number of parameters of the network: 9,117,000. This training accuracy of the designed
network just described reaches 78.8%, which is very close to the previous case.

The final training process can be represented by the following pseudocode:

Algorithm 1 Training process
fori=0:N do
Train@ — functionwith(State, Action, Next_State)
Record(State, Action, Next_State)
end for
while True do
while end_episode! = True do
state;+1 = N N(state;)
parameters < GD(state; 11 — Next_Statei?)
end while
end while




CHAPTER 4

COMPATIBILITY OF PREDICTIVE MODEL WITH Q-LEARNING

4.1 Q-learning issues

As it was already mentioned, the algorithm creates an e-greedy policy for the Q-learning
process. This means that from the already trained Q-network 11 elements (which correspond
to the Q-values) are extracted. The highest value corresponds to the best action to take, but
on the basis of these data, a probability distribution function is created. The corresponding
action with the highest g-value will have more probability to be taken, but it will not the only
possible solution. It may happen that another action can be taken, as it is possible to see from

the next picture.

[0.01818182 ©0.01818182 ©.01818182 0.01818182 0.01818182 0.81818182
6.81818182 ©6.81818182 ©.61818182 6.81818182 .EJIHIHIH?]
Action taken (no pred): 5

[6.61818182 ©.01818182 E B18 2 0.01818182 0.01818182 ©0.8181818.2
0.01818182 0.01818182 ©O. B182 ©6.01818182 0.061818182 ]
Action taken (no pred):

Figure 14: An example of the greedy policy on an 11-element vector.
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It is easy to show that for most of the cases, the action with the highest probability is chosen.
One further reason for the choice a e-greedy policy is that it may happen that the algorithm
gets to a certin state close to the boundaries. Furthermore, if the algorithm for that particular
state selects an actions which would go outside of the boundaries, the algorithm would stop
at that state. In other words, if the state does not change, the best action computed by the

Q-learning will be always the same and the bounding box would remain the same.

Figure 15: Three cases where the algorithm gets stuck in a state are shown.

The adoption of e-greedy policy overcomes this problem. If the algorithm gets stuck on a
particular state, the algorithm gives some freedom to choose other possible actions that would
move the bounding box from that current state.

However, this brings to randomness, which cannot be predicted by a mathematical tool such

as neural networks.
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Given this situation, the question is: how to predict random behaviors? Or, at least, how
to make the algorithm not lose the target even if one random action is taken?

The solutions that we adopted are two.

In order to decrease the probability of taking random actions, when one Transition is pre-
dicted, the action with the highest probability is chosen. In other words, the policy that selects
the best action for the prediction is deterministic and one the best action is calculated, the
action with the highest probabiliy is chosen.

As just mentioned, the second solution we adopted is that every n-steps the algorithm
compares the predicted state with the environment. This method that we adopted is necessary
because we lose less accuracy. If we really think about the process of object detection, the
predictions of the bounding boxes are a result of a mathematical computation given by a neural
network. Even if the predictions were perfect, it is better to compare the current state with the
environment. The reason is that we wanted to make the algorithm not to lose the right path.
As it is possible to imagine, the more steps ahead are made, the more inaccurate the path
followed is. This result will be showed better in the next chapter.

Adopting these two solutions, the algorithm works better. An example of result is showed in
the following sequence of pictures. In Figure 17, the blue states are the ones that are predicted
(in this case it is 2-step ahead predictions) while the red bounding boxes are the states captured

while comparing the current bounding box with the environment.
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Figure 16: A detection process example. The blue bounding boxes are reported here, but they
are the leaps that the algorithm makes.

4.2 Moving the agent window

There was a further issue when predicting the actions. The algorithm was predicting well

but at first the leaps were not visible at first. The problem was that the network was able to
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predict the future actions perfectly. However, the algorithm was understanding that the final
action predicted had to be applied to the first initial state, since the window was not changed.

To solve this problem, the method adopted was to change the coordinates of the agent
window. In other words, the algorithm was not knowing the image it was working on, but the
agent window (which is given by 4 number, Zin,Ymin,Tmaz,Ymaz) Was updated following the
actions predicted. In fact, these actions were recorded in a vector of n-elements (depending
on how many steps ahead the predictions were made for) and the agent window was moved
according to the values of the actions. This process has a very low computational cost, since it
is just adding, subtracting, multiplying and dividing numbers. As already mentioned, after n
leaps the algorithm captures the image inside the updated bounding box, in order to not lose

accuracy.



CHAPTER 5

RESULTS AND CONSIDERATIONS

In this chapter, we will analyze the different results obtained with the algorithm and solu-
tions assumed before. There are 4 types of results. The detections do not improve strongly,
the testing accuracy is the same as the one showed in [3]; however, we will see that there is a

drastic improvement in the average speed.

5.1 Results on the dataset

There are different combinations we want to show. First of all, we wanted to test our
algorithm on the entire dataset. However, we will discuss every result we obtained depending
on the number of leaps the algorithm performs. This will bring differences in accuracy and
speed. In the comparison, we show the results of the RCNN, the model-free algorithm used
in [3] and the two algorithm we used in our project. We distinguished the two model-free
approaches since in [3] they used the entire dataset (more than 19 thousand of images), while
in our case, since the simulations were performed locally, we used part of the images (around
6000 images). For this reason, the model was trained ”better” in the previous work and it
performs better. However, the purpose of this project was to show the decrease of complexity

when using our approach, so the comparisons are legit.
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The first experiment was conducted with a small number of leaps, 2. The expectation is
that the algorithm works as well as the model-free one and the speed is slightly higher than the

model-free algorithm.

method aero | bus | car | cat | chair | cow | dog | horse | person | sheep | sofa | train | mAP

RCNN 64.2 | 62.6 | 71.0 | 60.7 | 32.7 | 58.5 | 56.1 | 60.6 54.2 52.8 | 489 | 57.9 | 56.7

Model-free [3] | 55.5 | 56.5 | 58.8 | 55.9 | 21.4 | 40.4 | 54.2 | 56.9 45.7 47.1 | 41.5 | 46.1 | 48.3

Our Model-free | 45.5 | 47.0 | 44.0 | 48.1 | 13.4 | 183 | 36.7 | 25.3 39.4 12.1 | 244 | 339 | 324

Model-based | 41.3 | 43.0 | 43.9 | 44.1 | 13.7 | 12.0 | 324 | 24.6 38.5 9.1 | 244 295 | 29.7

In the following, it is plotted the average precision with respect to the model-free. As it is

possible to see, the mAP is sligthly inferior (2% less).
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Figure 17: Average precisions for all the categories with 2-leap predictions.
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However, the speed per image is already increased. In [3], it is shown that for 200 steps,
the average time spent on one image is 1.54 s/image. However, in our case, the model-free
algorithm has a testing processing time slightly higher, which is 1.88 s/image. If we repeat the
same experiment performing 2 leaps, the average time spent on one image is 1.09 seconds per
image.

In the following plot, it is shown the average precisions for more than 2 leaps. As it is

possible to expect, the average precision starts decreasing, while the average speed increases.

Average precision for each category

0 2 4, ] 8 19
aero bus car cat  chai cow dog bhomsc person sheep sola train

Figure 18: Average precisions for all the categories with more than 2 leaps.
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Now we show how the speed of computations increases. The experiment that shows the
speed of the algorithm is the same showed in [3]. In the following picture it is shown a graph
of the average time spent for 200 steps on one image, considering all the categories. As one can
expect, the average time decreases as the number of leaps increases. This result is actually the
most important one. As one can expect, the more leaps the algorithm does, the less accurate
the path followed will be. However, since the CNN is bypassed for most of the steps, the average
speed of the computations per image increases. The speed changes a lot image by image, since

it depends on how many steps per episode have to me made.
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Figure 19: Average time spent to perform 200 steps per image.
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5.2 Some examples

We show now some examples for different categories. In partiular, the categories bus, aero,
person and sofa are shown. As it is possible to see, ”jumps” are performed: more precisely, for

these cases, 2 leaps are performed.

o -

Figure 23: Sofa category.
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5.3 Considerations on the behavior of the algorithm
5.3.1 Following the same path

The first result is the one that we expected: the path followed by the model-based algorithm
is the same as the one followed by the model-free algorithm.

As it was already mentioned previously, the designed network reaches 78.8% of average
training accuracy. This result actually guarantees good predictions of the next states.

As already mentioned previously, during predictions, the actions taken are the one corre-
sponding to the highest g-value. In other words, in this case, the exploitation is used. This
decreases the randomness of the algorithm and increases the probability of following the same
path as the model-based one.

A very good example is showed below, where the predicted actions match perfectly the ones
selected by the model-free algorithm.

In Figure 24 it is shown the detection algorithm based on the model-free approach. As it
is possible to see from the pictures, the red bounding boxes are able to reach and identify the
car on the left.

On the other hand, in Figure 25 it is shown the same image and the same path followed by
the model-based approach. Differentely from Figure 16, the predicted states are not showed in
order to give more the idea of the leaps. As already mentioned, the path in this case is exactly
the same, so there will be no difference in the states shown with respect Figure 18. In this case,

the algorithm reaches the same final state and the algorithm works as expected.



40

Figure 25: It is shown 3-step ahead predictions algorithm; when the termination algorithm is
predicted, the algorithm stops.

5.3.2 Convergence of the detector

It can be shown that even if the predictions are not perfect for a particular current state,
the algorithm converges to similar states. This is because of the solution adopted, described
previously. In order to keep a good accuracy, every n steps, the algorithm compares the
predicted state with the environment. This assumption guarantees a good track of the accuracy

during the entire path. This result is shown in the Figures 20 and 21. As it is possible to see,
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the two paths are different so are the final states. However, either the two methods are capable
of detecting the target, which in this case is the car on the left.

This is a very positive result, since it shows how consistent our solution is and how robust
the system is. In a more general term, this algorithm converges to the final state as well as the

model-free algorithm.

Figure 26: Model-free approach. The car on the left is found.

o T

Figure 27: It is shown 2-step ahead predictions algorithm.
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5.3.3 Faster convergence with respect to the Model-free approach

Previously, it was discussed the fact that the Q-learning process outputs a probability
density function. The action with the largest g-value is more likely to be chosen but it may
happen that a random action is taken. In the model-free method if some random action is
selected, it will take longer to converge. For this further reason, the predicted actions are

chosen picking the one with the largest g-value, as already discussed previously.

Figure 28: Model-based algorithm converges after three leaps in a forward pass to the car.

In Figures 28 and 29, it is shown an example: it is possible to see that the model-based

algorithm reaches the final state before the model-free algorithm (it is 2-step ahead predictions).
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Only for the purpose of the result, in the following pictures it is shown not a perfect de-
tection, but the idea here is to show that the model-based algorithm may converge even before

the model-free algorithm.

Figure 29: Model-free algorithm takes more steps to get to the final state.
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5.3.4 Speed of the Leap algorithm

This result is actually the most important one. As one can expect, the more leaps the
algorithm does, the less accurate the path followed will be. However, since the CNN is bypassed
for most of the steps, the average speed of the computations per image increases. The speed
changes a lot image by image, since it depends on how many steps per episode have to me
made. However the average speed per image of paper [3] is 1.88 seconds/image during testing,
using the CNN described above. If the number of leaps is increased to 4, the average speed
is 0.9 seconds/image, but the average testing accuracy on (for example) the bus category is
31.84%, which is 16% lower than the model-free approach.

This result follows the expectations. It can also be considered the fact that depending on
the application we are using this algorithm for, it is possible to prefer speed or accuracy. In
our case, since our purpose is to approach real-time simulations, the result of higher speed is a

good and positive result.



CHAPTER 6

CONCLUSION AND FUTURE WORK

In the past few years, object detection projects require more and more real-time simulations.
The reason is that the goal of machine learning is to become part of the real world and replicate
the human functionalites.

A related work was considered, which is the Active Object Detection based on Reinforcement
Learning, published by University of Urbana Champaign. This project proposed a new object
detection algorithm, which is based on Deep RL, as the name suggests. The agent in this case,
was taking actions (move up, move down, scale up,...) based on past experience (exploration)
and following what the algorithm has learned (exploitation). In fact, the algorithm follows an
e-greedy policy. However, the process is still quite slow (1.88 sec/image), because for every
step, the algorithm compares the current state with the environment: for this reason, it is also
called model-free algorithm.

The purpose of our work was to try to get this project as close as possible to real-time
simulation. The goal was to use a model-based algorithm in order to bypss the CNN. Our
motivation comes from the results obtained with Fast RCNN and Faster RCNN, which exploit
the fact that the CNN used is the most computationally costly. As a matter of fact, they try
to bypass the CNN in order to speed up the process.

Our model-based approach tries to overcome the computational issues of the CNN by pre-

dicting the future states. The algorithm needs a further network, which is less expensive than
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CNN in terms of number of parameters (and in computations). For now, the fully connected
layer network is the first design of this model. We think that our approach is the right way to get
closer and closer to real-time simulations. However, better designs of the neural network, such
as the use of GANs are kept as future work. We think that decreasing complexity on the neu-
ral network will bring to real-time simulations, built on Object Detection with Reinforcement
Learning.

As expected, the predictions described above can make the algorithm go faster. However, it
is possible to increase the speed by performing more leaps on the images. This brings to have less
accuracy but it can be a good result for some applications where speed is more important than
accuracy. As a possible future work it can be considered to improve the accuracy, independently

from the number of leaps the algorithm performs.
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