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Abstract

This study aims to provide a research of Unity plugin that helps to develop
Machine Learning Agents within Unity engine environment. This work introduces
training a single Machine Learning Agent using both Reinforcement Learning and
Imitation Learning methods, comparing the results and effectiveness..
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Аңдатпа

Бұл жұмыс Unity үшiн плагиндi зерттеу ұсынады, ол қозғалтқыш ортасының
iшiнде машина оқыту агенттерiн дамытуға көмектеседi. Бұл жұмыс екi әдiстi
пайдалана отырып, машиналық оқытудың жеке агентiн оқыту, Нығайту және
Имитацияны оқыту, нәтижелер мен тиiмдiлiктi салыстыруды ұсынады.
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Аннотация

Эта работа предоставляет исследование плагина для Unity, который помога-
ет разрабатывать Агентов Машинного Обучения внутри среды движка Unity.
Эта работа предоставляет тренировку единичного Агента Машинного Обу-
чения, используя оба метода, Обучения с Подкреплением и Обучения Ими-
тацией, сравнение результатов и эффективность.
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Nomenclature

AI Artificial Intelligence

API Application Programming Interface

JSON JavaScript Object Notation

ML Machine Learning

NPC Non-Player Character

RL Reinforcement Learning

RNN Recurrent Neural Network

RTS Real-Time Strategy

SDK Software Development Kit

SDU Suleyman Demirel University
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1. Introduction

1.1 Motivation

Since the making of computer games, the artificial intelligence development im-
provement issue, which would make games all the more fascinating to play, has
consistently been important. Regularly artificial intelligence was sub-par com-
pared to players in abilities, so computer games turned out to be unreasonably
straightforward for them. For this situation, the game developers, as a rule,
turned to different stunts to change the powers of a human and a computer rival.
In cases when we are discussing a racing simulation, at that point, the alleged
"catchup" word is used. The attributes of a car controlled by a computer are
artificially exaggerated. Subsequently, paying little heed to how handy the player
is, the computer can play with him as an equivalent. Another case - RTS genre
games, where the computer is helped by additional resources. But such solutions
seem to be a cheat and reject the player. That is the reason online games are so
mainstream, since playing with a genuine individual is significantly more inter-
esting. In this manner, the issue is the amazingly low or absurd degree of insight
of computer rivals, which is the second rate compared to the human. With the
help of Machine Learning, it will take care of this issue and significantly grow the
abilities of AI in games. One of the most popular researches on this subject is the
paper of DeepMind Technologies workers. Using Q-Learning [1], they figured out
how to actualize a calculation fit for playing straightforward Atari 2600 computer
games without knowing anything about them, aside from the pixels on the screen
[[2]]. In the event that more data is given to the neural system (such as, the di-
rections of game objects), the use of AI grows. Getting data about the condition
of the game world is a genuinely basic task if the neural network is designed for
a game with AI, which suggests the presence of game sources, rather than the
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work with Atari games. In this work, the development and training ML agent,
which is able to control character in a three-dimensional Unity environment, will
be considered. The agent’s tasks include maneuvering to avoid enemy traditional
AI and getting to the aim area.

Figure 1.1: The ML Agent is in the field of view and line of sight of the AI, and
is being pursued.

1.2 Aims and Objectives

The main aim of this thesis is to provide a research on a Machine learning tool
developed by Unity team, define whether or not it is possible to develop a compet-
itive Artificial Intelligence in a Unity engine driven environment. Also, to learn
its features and various methods of approaching the training agents.
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2. Preliminaries

The Unity game engine was chosen as a tool for the development of a learning
environment. To train agents The Unity Machine Learning Agents Toolkit (Ma-
chine Learning-Agents) [[3]] was used. For learning, two methods will be used one
after another: Reinforcement Learning and Imitation Learning.

2.1 The Q-Learning Algorithm

2.1.1 Contextual Bandit Recap

The objective while doing Reinforcement Learning is to prepare an agent which
can figure out how to act in manners that boosts future anticipated rewards
inside a given situation. In the last post in this arrangement, that condition
was generally static. The condition of the earth was just which of the three
potential rooms the operator was in, and the activities were picking which chest
inside that space to open. Our calculation took in the Q-work for every one of
these state-activity sets: Q(s, a). This Q-work compared to the normal potential
compensation that would be obtained by making that move inside that state after
some time. We considered this issue the "Contextual Bandit."

2.1.2 The Reinforcement Learning Problem

The absence of two things shielded that Contextual Bandit model from being an
appropriate Reinforcement Learning issue: inadequate rewards, and state changes.
By inadequate prizes, we allude to the way that the operator doesn’t get a com-
pensation for each move it makes. At times these prizes are "deferred," in that
specific activities which may in certainty be ideal, may not give a payout until a
progression of ideal moves have been made. To utilize an increasingly solid model,

12



an operator might be following the right way, however it will just get an award
toward the finish of the way, not for each progression en route. Every one of those
activities may have been basic to getting the last prize, regardless of whether they
didn’t give an award at that point. We need an approach to perform credit task,
that is, permitting the specialist to discover that prior activities were significant,
regardless of whether just in a roundabout way.

The second missing component is that in reinforcement learning issues there
are advances between states. Thusly, our activities not just produce compensa-
tions as per a prize capacity: R(s, a) → r, yet in addition produce new states, as
indicated by a state change work: P(s, a) → s’. A solid model here is that each
progression taken while strolling along a way carries the operator to another spot
in that way, thus another state. In this way we need our specialist not exclusively
to figure out how to act to enhance the present conceivable prize, however act to
advance toward states we know give significantly bigger prizes.

2.1.3 Bellman Updates

While these two included components of multifaceted nature may from the start
appear to be random, they are in actuality straightforwardly associated. Both
suggest a connection between future expresses our operator may wind up in, and
potential compensations our specialist may get. We can exploit this relationship
to figure out how to take ideal activities under these conditions with a basic
understanding. To be specific, that under a "valid" ideal Q-work (a hypothetical
one which we might ever arrive at ourselves) the estimation of a present state and
activity can be deteriorated into to the quick prize r in addition to the limited
greatest future expected compensation from the following state the operator will
wind up in for making that move: Here (gamma) is a markdown term, which

Figure 2.1: This is called the Bellman equation

identifies with the amount we need our specialist to think about future potential
prizes. On the off chance that we set gamma to 1.0, our operator would esteem
all conceivable potential compensations similarly, and in preparing scenes which
never end, the worth gauge may increment to interminability. Consequently, we

13



set gamma to an option that could be more noteworthy than 0 and under 1. Run
of the mill esteems are somewhere in the range of 0.7 and 0.99.

The Bellman condition is valuable since it gives an approach to us to consider
refreshing our Q-work by bootstrapping from the Q-work itself. Q*(s, an) alludes
to an ideal Q-work, yet even our current, problematic Q esteem assessments of the
following state can help push our evaluations of the present state an increasingly
precise way. Since we are depending essentially on the genuine prizes at each
progression, we can believe that the Q-esteem gauges themselves will gradually
improve. We can utilize the Bellman condition to advise the accompanying new
Q-learning update: This appears to be like our past relevant scoundrel update

Figure 2.2: Improved Bellman equation

calculation, then again, actually our Q-target currently incorporates the limited
future anticipated prize at the subsequent stage.

2.1.4 Exploration

So as to guarantee that our operator appropriately investigates the state space,
we will use a type of investigation called epsilon-ravenous. To utilize epsilon-
avaricious, we basically set an epsilon esteem ε to 1.0, and decline it just barely
every time the operator makes a move. At the point when the operator picks
an activity, it either picks argmax(Q(s, a)), the voracious move, or makes an
irregular move with likelihood . The instinct is that toward the start of preparing
our specialist’s Q-esteem gauges are probably going to be extremely poor, yet
as we find out about the world, and ε diminishes, our Q-capacity will gradually
compare more to the genuine Q-capacity of the earth, and the moves we make
utilizing it will be progressively exact. To exhibit a Q-learning agent, I have
constructed a basic GridWorld condition utilizing Unity. The earth comprises of
the accompanying: 1-a specialist set haphazardly inside the world, 2-an arbitrarily
positioned objective area that we need our operator to figure out how to push
toward, 3-and arbitrarily positioned hindrances that we need our operator to
figure out how to stay away from. The state (s) of the earth will be a whole
number which compares to the situation on the lattice. The four activities (a) will
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comprise of (Up, Down, Left, and Right), and the prizes (r) will be: +1 for moving
to the state with the objective, - 1 for moving to the state with a deterrent, and -
0.05 for each progression, to urge fast development to the objective with respect to
the operator. Every scene will end after 100 stages, or when the specialist moves
to a state with either an objective or impediment. Like in the past instructional
exercise, the specialist’s Q esteems will be put away utilizing a table, where the
lines relate to the state, and the sections to the potential activities. You can play
with this condition and operator inside your Web program here, and download
the Unity undertaking to change for use in your own games here. As the operator
investigates the earth, hued spheres will show up in every one of the GridWorld
states. These compare to the operator’s normal Q-esteem gauge for that state.
When the specialist learns an ideal strategy, it will be obvious as an immediate
worth inclination from the beginning situation to the objective.

2.1.5 Going Forward

The agent and condition introduced here speak to a great plain detailing of the Q-
learning issue. In the event that you are feeling that maybe there isn’t much in the
same way as this essential condition and the ones you find in contemporary games,
don’t stress. In the years since the calculation’s presentation during the 90s, there
have been various significant improvements to permit Q-figuring out how to be
utilized in progressively changed and dynamic circumstances. One prime model
is DeepMind’s Deep Q-Network which was utilized to figure out how to play
many diverse ATARI games straightforwardly from pixels, an accomplishment
inconceivable utilizing just a query table like the one here. So as to achieve this,
they used a specialist which was constrained by a Deep Neural Network (DNN).
By utilizing a neural system it is conceivable to gain proficiency with a summed up
Q-work which can be applied to totally inconspicuous states, for example, novel
mixes of pixels on a screen.

2.2 Reinforcement Learning

The principle thought of Reinforcement Learning is that the t-agent exists in
a specific S-environment. Whenever the agent may process an action (or more
than one action) from the arrangement of A-actions. Because of this action, the
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environment changes its state and the agent gets the r-reward[[4]]. In light of
this cooperation with the environment, the agent must pick the ideal solution
that boosts its reward. Reinforcement Learning is particularly useful for taking
care of issues related to a decision between long-term and short-term profits.
It has been effectively applied in different fields, for example, robotics, media
communications, lift management. Likewise, Reinforcement Learning is a decent
method to create AI in games. On account of games, the game character goes
about as an agent and his general surroundings and his enemies go about as an
environment. Each time the character plays out an action that approximates him
to win, he gets a fortifying reward. For instance, the car agent on a dashing track
gets a reward after some time if the separation to the finish line is decreased.
This works in the same logic otherwise - when performing ineffective actions, the
agent gets a punishment. All together for the agent to perform effective actions,
it is fundamental for him to get a variety of data describing the condition of the
environment. The measure of this data ought to be sufficient to guarantee that the
operator gets all the vital data about the environment, yet not be unreasonably
huge for the agent to train all the more effectively. Additionally, it is important to
normalize the data, so the estimations of the signals showing up to the agent were
inside the range of [0; 1] or [-1; 1]. There are examples of the input signal for a
car like speed and position on the track. A list of action signals would be resulted
out of the agent’s work. Just as input signals, they require normalization. For
example, the input signal for a car could be [0; 1] for the gas pedal and [-1; 1] for
the steering.

Figure 2.3: The Reinforcement Learning cycle
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2.3 Imitation Learning

Unlike Reinforcement Learning, which processes with a reward/punishment sys-
tem, Imitation Learning uses a framework dependent on the cooperation between
a Teacher agent that executes the task and a Student agent that imitates the
teacher. This is helpful in cases where you don’t need your AI to have machine-
like flawlessness, yet you need your agent to act like a real human being [5]. Imi-
tation Learning Support was introduced in Machine Learning-Agents v0.3 Beta.
This tool component is a ground-breaking feature that facilitates the development
of a complex AI using fewer resources. All things considered, the procedure of
AI development proceeds like this: there are two agents, one is a Teacher and
another is a Student. Another neural network, a real person or a deterministic
algorithm may go as a Teacher. The most effective outcomes are accomplished if
the Teacher is a human being. Next, the learning procedure starts. The Teacher
plays for some time. The planning shifts relying upon the task difficulty. For
easier tasks, it takes around 4-6 minutes. For complex tasks, it is required about
2 hours. The learning is that while the Teacher agent plays, and the Student
watches his activities and tries to imitate its Teacher.

There are an assortment of conceivable Imitation Learning calculations that
can be utilized, and for v0.3 we are beginning with the least complex one: Be-
havioral Cloning. This works by gathering preparing information from an educa-
tor operator, and afterward just utilizing it to straightforwardly become familiar
with a conduct, similarly that Supervised Learning for picture characterization
or other customary Machine Learning undertakings work. Multi-Brain training
State for instance you have a soccer match where various players, for instance
hostile and cautious, should be controlled in an unexpected way. Utilizing Multi-
Brain Training, you can give each "position" on the field a different mind, with
its own perception and activity space, and train it nearby different cerebrums.

Toward the finish of preparing, you will get one parallel (.bytes) document,
which contains one neural system model for each cerebrum. This takes into con-
sideration blending and coordinating distinctive hyperparameters, just as utilizing
our Curriculum Learning highlight to logically change how various arrangements
of minds and specialists associate inside the earth after some time. On-Demand
Decision-Making There are numerous types of games, for example, games, con-
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stant technique games, pretending games, table games, and so on, all of which
depend on specialists having the option to settle on choices after factor measures
of time. We are glad to be supporting this in Machine Learning-Agents toolbox.
You would now be able to empower and impair On-Demand Decision-Making for
every operator freely with the snap of a catch! Basically empower it on your
specialist, and make a basic capacity approach an operator to request a choice
from its cerebrum. Learning under partial observability Some portion of the
inspiration for changing semantics from state to perception is that, in many situ-
ations, the specialists are never really presented to the full condition of the earth.
Rather, they get fractional perceptions which regularly comprise of neighborhood
or fragmented data. It is frequently too costly to even think about providing the
specialist with the full state, or it is indistinct how to try and speak to that state.
So as to conquer this, we are including two techniques for managing fractional
recognizability inside learning conditions through Memory-Enhanced Agents.

The primary memory upgrade is Observation-Stacking. This permits a spe-
cialist to monitor up to the previous ten past perceptions inside a scene, and to
take care of all to the mind for dynamic. The second type of memory is the
incorporation of a discretionary intermittent layer for the neural system being
prepared. These Recurrent Neural Networks (RNNs) can figure out how to mon-
itor significant data after some time in a concealed state. You can think about
this as the memory of the operator.

2.4 Unity Machine Learning Agents Toolkit

2.4.1 Training Intelligent Agents

AI is evolving the manner in which we hope to get insightful conduct out of self-
sufficient operators. Though earlier the conduct was programmed by a human,
it is progressively instructed to the specialist (either virtual symbol or a robot)
through communication in a preparation situation. This strategy is utilized to
take in conduct for everything from mechanical robots, flying internet of things
devices, and self-ruling cars, to characters in the games and rivals. The nature of
this preparation condition is basic to the sorts of practices that can be scholarly,
and there are frequently exchange offs of some sort that should be made. The
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commonplace situation for preparing operators in virtual conditions is to have
a solitary domain and specialist which are firmly coupled. The activities of the
agent change the condition of the earth, and furnish the operator with remuner-
ations. At Unity, we needed to structure a framework that give more prominent
adaptability and usability to the developing gatherings keen on applying AI to
creating clever operators. Also, we needed to do this while exploiting the top
notch material science and illustrations, and straightforward yet incredible de-
signer control gave by the Unity Engine and Editor. We believe that this mix can
profit the accompanying gatherings in manners that different arrangements may
not:

• Scholastic specialists keen on contemplating complex multi-operator con-
duct in reasonable serious and helpful situations.

• Industry scientists keen for huge scope equal preparing systems for mechan-
ical technology, self-ruling vehicle, and other modern applications.

• Game designers keen on filling virtual universes with smart specialists each
acting with dynamic and connecting with conduct.

2.4.2 Learning Environments

Figure 2.4: A visual representation of a possible configuration of a Learning
Environment within Unity Machine Learning-Agents Toolkit.

The three fundamental sorts of items inside any Learning Environment are:
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• Agent – Every Agent might have a one of a kind arrangement of states and
perceptions, take one of a kind activities inside the earth, and get one of
a kind compensations for occasions inside nature. An operator’s activities
are chosen by the mind it is connected to.

• Brain – Every Brain characterizes a particular state and activity space,
and is answerable for choosing which activities every one of its connected
specialists will take. The present discharge bolsters Brains can be set to one
of these 4 modes:

– External – Action choices are made utilizing TensorFlow (or your Ma-
chine Learning library of decision) through correspondence over an
open attachment with our Python API.

– Internal (Experimental) – Actions choices are made utilizing a pre-
pared model installed into the venture by means of TensorFlowSharp.

– Player – Action choices are made utilizing player input.

– Heuristic – Action choices are made utilizing hand-coded conduct.

• Academy – The Academy object inside a scene likewise contains as young-
sters all Brains inside the earth. Every condition contains a solitary Academy
which characterizes the extent of nature, regarding:

– Engine Configuration – The speed and rendering nature of the game
engine in both preparing and derivation modes.

– Frameskip – what number motor strides to skip between every special-
ist settling on another choice.

– Global episode length – How long the scene will last. When reached,
all operators are set to done.

The states and perceptions of all operators with minds set to External are gathered
by the External Communicator, and imparted to our Python API for handling
utilizing your Machine Learning library of decision. By setting numerous spe-
cialists to a solitary mind, activities can be chosen in a group style, opening the
chance of getting the upsides of equal calculation, when upheld.
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2.4.3 Flexible Training Scenarios

With Unity Machine Learning-Agents toolkit, an assortment of preparing situ-
ations are conceivable, contingent upon how specialists, minds, and rewards are
associated. We are eager to perceive what sorts of novel and fun situations the
network makes. For those new to preparing keen operators, underneath are a
couple of models that can fill in as motivation. Each is a prototypical domain
setups with a portrayal of how it very well may be made utilizing the Machine
Learning-Agents SDK.

• Single-Agent – A solitary operator connected to a solitary cerebrum. The
customary method of preparing an operator. A model is any single-player
game, for example, Chicken. (Demo venture included – "GridWorld")

• Simultaneous Single-Agent – Multiple free agents with autonomous prize
capacities connected to a solitary mind. A parallelized adaptation of the
conventional preparing situation, which can accelerate and balance out the
preparation procedure. A model may be preparing twelve robot-arms to
each open an entryway all the while. (Demo venture included – "3DBall")

• Adversarial Self-Play – Two associating agents with reverse prize capacities
connected to a solitary mind. In two-player games, ill-disposed self-play
can permit a specialist to turn out to be progressively increasingly talented,
while continually having the completely coordinated rival: itself. This was
the procedure utilized when preparing AlphaGo, and all the more as of late
utilized by OpenAI to prepare a human-beating 1v1 Dota 2 agent. (Demo
venture included – "Tennis")[5]

• Cooperative Multi-Agent – Various interfacing agents with a mutual prize
capacity connected to either a solitary or numerous various cerebrums. In
this situation, all operators must cooperate to achieve an errand than wasn’t
possible alone. Models incorporate situations where every specialist just
approaches fractional data, which should be partaken so as to achieve the
undertaking or cooperatively understand a riddle.

• Competitive Multi-Agent – Multiple interfacing agents with converse prize
capacity connected to either a solitary or various cerebrums. In this situa-
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tion, operators must contend with each other to either win an opposition, or
acquire some constrained arrangement of assets. All group activities would
fall into this situation. (Demo venture not far off)

• Ecosystem – Multiple cooperating agents with autonomous prize capacity
connected to either a solitary or numerous various minds. This situation
can be thought of as making a little world in which creatures with vari-
ous objectives all associate, such a savanna in which there may be zebras,
elephants, and giraffes, or a self-ruling driving reproduction inside a urban
domain. (Demo venture just around the corner)

2.4.4 Additional Features

Past the adaptable preparing situations made conceivable by the Academy/Brain/Agent
framework, the Unity Machine Learning-Agents toolbox likewise incorporates dif-
ferent highlights which improve the adaptability and interpretability of the prepa-
ration procedure.

• Monitoring Agent’s Decision Making - From the correspondence in Unity
Machine Learning-Agents toolbox is a two-way road, we give an Agent Mon-
itor class in Unity which can show parts of the prepared operator, for exam-
ple, approach and worth yield inside the Unity condition itself. By giving
these yields progressively, specialists and designers can all the more effec-
tively troubleshoot an agent’s conduct.

• Curriculum Learning - It is frequently hard for agents to become familiar
with an intricate undertaking toward the start of the preparation procedure.
Educational program learning is the procedure of step by step expanding the
trouble of an undertaking to permit increasingly proficient learning. The
Unity Machine Learning-Agents toolbox bolsters setting custom condition
parameters each time the earth is reset. This permits components of nature
identified with trouble or intricacy to be powerfully balanced dependent on
preparing progress.

• Complex Visual Observations - In contrast to different stages, where the
agent’s perception may be restricted to a solitary vector or picture, the
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Unity Machine Learning-Agents toolbox permits various cameras to be uti-
lized for perceptions per specialist. This empowers specialists to figure out
how to coordinate data from numerous streams being visual, as might be
simply the situation when preparing a driving vehicle which required vari-
ous cameras with various perspectives, a navigational operator which may
need to incorporate aeronautical and first-individual visuals, or an operator
which takes both a crude visual contribution, just as a profundity guide or
item portioned picture.

• Imitation Learning - It is frequently progressively natural to just exhibit
the conduct we need a specialist to perform, instead of endeavoring to have
it learn through experimentation techniques. In a future discharge, the
Unity Machine Learning-Agents toolbox will give the capacity to record all
state/activity/reward data for use in administered learning situations, for
example, impersonation learning. By using imitation learning, a player can
give shows of how an agent ought to act in a situation, and afterward use
those exhibitions to prepare an operator in either an independent style, or
as an initial phase in a support learning process.

2.4.5 An Evolving Platform

As referenced above, we are eager to be discharging this open beta form of
Unity Machine Learning Agents Toolkit today, which can be downloaded from
our GitHub page. This discharge is just the start, and we intend to emphasize
rapidly and give extra highlights to both those of you who are keen on Unity
as a stage for Machine Learning research, and those of you who are centered
around the capability of Machine Learning in game turn of events. While this
beta discharge is progressively centered around the previous gathering, we will
be progressively offering help for the last use-case. As referenced above, we are
particularly keen on finding out about use-cases and highlights you might want
to see remembered for future arrivals of Unity Machine Learning-Agents Toolkit,
and we will be inviting Pull Requests made to the GitHub Repository.

Curriculum Learning – Our Python API presently incorporates a normalized
method of using Curriculum Learning during the preparation procedure. For
those new, Curriculum learning is a method of preparing an AI model where
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progressively troublesome parts of an issue are step by step presented so that
the model is in every case ideally tested. Here is a connect to the first paper
which presents the perfect officially. All the more for the most part, this thought
has been around any longer, for it is the means by which we people commonly
learn. On the off chance that you envision any youth grade school training, there
is a requesting of classes and subjects. Number juggling is instructed before
variable based math, for instance. In like manner, polynomial math is educated
before analytics. The abilities and information learned in the prior subjects give
a platform to later exercises. A similar standard can be applied to AI, where
preparing on simpler undertakings can give a framework to harder errands later
on.

Figure 2.5: Example representing a curriculum for mathematics subject. Lessons
start with easier tasks and go more difficult, with each building on the last.

At the point when we consider how Reinforcement Learning really functions,
the essential learning signal is a scalar prize got every so often all through prepar-
ing. In progressively perplexing or troublesome errands, this prize can regularly
be meager, and once in a while accomplished. For instance, envision an under-
taking where a specialist needs to drive a square into the right spot to scale a
divider and show up at an objective. The beginning stage when preparing an
operator to achieve this errand will be an irregular strategy. That beginning
strategy will probably include the specialist going here and there aimlessly, and
will probably never, or once in a while scale the divider appropriately to get the
prize. In the event that we start with a less complex undertaking, for exam-
ple, advancing toward an unhampered objective, at that point the specialist can
without much of a stretch figure out how to achieve the assignment. From that
point, we can gradually exacerbate the assignment by expanding the size of the
divider, until the operator can finish the at first close outlandish undertaking of
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scaling the divider. We are including simply such a domain with Unity Machine
Learning-Agents Toolkit v0.2, called Wall Area.

Figure 2.6: Demonstration of a curriculum training scenario in which a progres-
sively taller wall obstructs the path to the goal.

To see this in real life, watch the two expectations to absorb information be-
neath. Every presentations the prize after some time for a mind prepared utilizing
PPO with a similar arrangement of preparing hyperparameters and information
from 32 synchronous operators. The thing that matters is that the cerebrum in
orange was prepared utilizing the full-stature divider form of the undertaking,
and the blue line compares to a mind prepared utilizing an educational program
variant of the errand. As should be obvious, without utilizing educational plan
learning the operator has a great deal of challenges, and after 3 million stages has
still not fathomed the assignment. We feel that by utilizing very much made edu-
cational plans, operators prepared utilizing support learning will have the option
to achieve assignments in any case substantially more troublesome, with signifi-
cantly less time. So how can it work? So as to characterize an educational plan,
the initial step is to choose which parameters of the earth will shift. On account
of the Wall Area condition, what fluctuates is the stature of the divider. We can
characterize this as a reset parameter in the Academy object of our scene, and
by doing so it becomes customizable by means of the Python API. As opposed
to altering it by hand, we at that point make a basic JSON record which depicts
the structure of the educational program. Inside it we can set at what focuses in
the preparation procedure our divider tallness will change, either dependent on
the level of preparing steps which have occurred, or what the normal prize the
specialist has gotten in the ongoing past is. Once these are set up, we essentially
dispatch ppo.py utilizing the – educational plan document banner to highlight the
JSON record, and PPO we will prepare utilizing Curriculum Learning. Obviously
we would then be able to monitor the present exercise and progress by means of
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Figure 2.7: Two preparing bends on the Wall Area task. Blue line compares
to mind prepared utilizing educational program learning. Orange line compares
to mind prepared without educational plan learning. Spotted vertical blue lines
compare to an exercise change in the educational plan for the educational program
instructional course.

TensorBoard.

Figure 2.8: An example of a file with JSON format that defines the Curriculum.

Broadcasting – The internal, heuristic, and player brains now all incorporate
a "Communicate" highlight, which is dynamic of course. At the point when
dynamic, the states, activities, and awards for all operators connected to that
cerebrum will at that point be available from the Python API. This is as opposed
to v0.1, where just the outside brain could send data to the Python API. This
element can be utilized to record, break down, or store data from these cerebrum
types on Python. In particular, this component makes impersonation learning
conceivable, where information from a player, heuristic, or internal brain can be
utilized as the oversight sign to prepare a different system without expecting to
characterize a prize capacity, or notwithstanding a prize capacity to enlarge the
preparation signal. We figure this can give another road to how game designers
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consider getting wise conduct from their frameworks.

Figure 2.9: Brain Inspector window.

Flexible Monitor – We have revamped the Agent Monitor to give increasingly
broad convenience. Though the first Monitor had a fixed arrangement of mea-
surements about a specialist which could be shown, the new Monitor currently
takes into account showing any ideal data identified with operators. You should
simply call Monitor.Log() to show data either on the screen or over a specialist
inside the scene.

2.4.6 Python Package

The gave Python bundle contains a class considered Unity Environment that can
be utilized to dispatch and interface with Unity executables (just as the Editor)
which contain the required parts depicted previously. Correspondence among
Python and Unity takes place by means of a gRPC correspondence convention,
and uses protobuf messages. We likewise give a lot of covering APIs, which
can be utilized to speak with and control Unity learning conditions through the
standard exercise center interface utilized by numerous analysts and calculation
designers[6]. These exercise center coverings empower analysts to all the more
effectively trade in Unity situations to a current support learning framework pre-
viously structured around the exercise center interface.
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Figure 2.10: Using the Monitor.

2.4.7 Performance Metrics

It is fundamental that a situation have the option to give more prominent than
continuous reenactment speed. It is conceivable to build Unity Machine Learning-
Agents reproductions up to one hundred times constant. The conceivable speed
increment practically speaking, be that as it may, will differ dependent on the
computational assets accessible, just as the unpredictability of the earth. In the
Unity Engine, game rationale, including material science, can be run freely from
the rendering of edges. All things considered, situations which don’t depend on
visual perceptions, for example, those that utilization beam throws for model, can
profit by reenactment at speeds more noteworthy than those that do.

2.4.8 Human-in-the-loop Training

Utilizing human contribution to manage the learning procedure is alluring as mis-
using a human’s area ability accelerates learning and encourages the specialist
figure out how to carry on in a way lined up with human desires. Various prepar-
ing structures have been concentrated in the writing ,for example, figuring out
how to mimic master directions , people giving evaluative criticism to the spe-
cialist ,or people controlling the operator’s watched states and activities. The
accomplishment of the last two groups of calculations is in huge part reliant on
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how the human interfaces with the operator during realizing which is exception-
ally troublesome or incomprehensible with the current set of stages. Then again,
impersonation learning is an altogether more standard field of research which we
conjecture is mostly in light of the fact that recording master shows requires next
to no additional usefulness from the stages themselves. A substitute line of work
researches how to structure specialists that don’t figure out how to abstain from
being hindered by people given that it might keep them from accepting potential
compensation [7].

Preparing inside a visual domain proofreader, for example, the Unity Edi-
tor, takes into consideration an intelligent and communitarian learning process
between the human and operator. The supervisor offers constant access to the
preparation scene so a human can communicate with the specialist during prepar-
ing just through mouse clicks. Potential intercessions incorporate however are not
constrained to delaying the scene, hauling GameObjects inside the scene, adding
or evacuating GameObjects to the scene, and in any event, expecting control
of the specialist through console orders. This usefulness will make the genuine
demonstration of managing criticism and changing the earth during preparing
direct lifting a significant weight in this field of research.

2.4.9 Training Agents Alongside Humans

Creating games with the help of agents has a long history in the space of game
structure [8]. Of specific incentive to the game advancement network is the ca-
pacity to prepare adaptable practices for non-playable characters (NPC) as either
companion or then again adversary to the player. Contained inside this prepara-
tion dynamic is the under-investigated look into issue of preparing specialists to
be trying to people yet not all that prevailing that the human doesn’t take part
in future challenge. This may not line up with a Reinforcement Learning special-
ist’s objective of learning an ideal procedure. Preparing specialists to perform at
a specific player quality has been accomplished by means of social cloning and
molding the arrangement on a gauge of the expertise of the player that created
the exhibition [9]. Accordingly, when a specific quality is wanted, the system can
be adapted. Be that as it may, we accept there to be novel Reinforcement Learn-
ing plans which look to enhance the standard anticipated return inside a scene
however additionally should advance the quantity of anticipated future scenes.
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A detailing of this sort could lead to another group of Reinforcement Learning
calculations and have suggestions for existential worries for AI for example, the
worth arrangement issue[10].

2.5 Anatomy of Environments and Simulators

In this segment, we detail a portion of the attributes of situations and test systems
we accept are expected to propel the condition of the field in AI look into. We
utilize the term condition to allude to the space in which an artificial specialist
acts and test system to allude to the stage which figures the earth

2.5.1 Environment Properties

As calculations can unravel progressively difficult undertakings, the intricacy of
the conditions themselves must increment so as to keep on giving significant dif-
ficulties. The specific tomahawks of natural multifaceted nature we accept are
basic are tangible, physical, task rationale, and social. In this subsection, we
layout the job every one of these play in the cutting edge in AI.

• Sensory Complexity - The ongoing advances in profound learning have to
a great extent been driven by the capacity of neural systems to process a
lot of visual, sound-related, and message based information. ImageNet, a
huge database of characteristic pictures with related names, was basic in
empowering models, for example, ResNet, and Inception to be prepared
to approach human-level item acknowledgment execution. While ImageNet
was essentially utilized for static picture acknowledgment errands, its key
segment of visual multifaceted nature is vital for some genuine world deci-
sionmaking issues, for example, self-driving vehicles, family unit robots, and
unmanned independent vehicles . Also, propels in PC vision calculations,
specifically around convolutional neural systems, were the inspiration for
the pixel-to-control approach in the end found in the Deep-Q organize.

• Physical Complexity - Huge numbers of the applied errands analysts are
keen on understanding with AI include rich tactile data, however a rich
control conspire in which specialists can communicate with their dynamic
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surroundings in complex manners . The requirement for complex commu-
nication regularly accompanies the requirement for conditions which repro-
duce the physical properties of the objective area, commonly this present
reality. This authenticity is fundamental to issues where the objective is to
move a strategy learned inside a test system to this present reality, as would
be the situation for most mechanical autonomy applications .

• Task Logic Complexity - A third pivot is the multifaceted nature of the
assignments defined inside the earth. The round of Go, for instance, which
has since quite a while ago filled in as a proving ground for AI investigate,
contains neither complex visuals nor complex physical collaborations. Or
maybe, the intricacy originates from the huge inquiry space of potential
outcomes open to the specialist at some random time, and the difficulty
in assessing the estimation of a given load up configuration. Important
reproduction stages should empower architects to normally make such issues
for the learning operators inside them. These intricate undertakings may
show various leveled structure, a sign of human knowledge, or fluctuate from
occasion to case, in this manner requiring meta-learning or speculation to
illuminate. The undertakings may likewise be introduced in a successive
way, where free examining from a fixed appropriation is beyond the realm
of imagination. This is frequently the situation for human errand securing
in reality, and the capacity to learn new assignments after some time is
viewed as a key-part of persistent getting the hang of (Ring, 1994), and
eventually frameworks equipped for artificial general insight.

• Social Complexity - The securing of complex aptitudes by means of learning
in warm blooded animals is accepted to have developed connected at the
hip with their capacity to hold connections inside their social gatherings.
In any event one in number case of this exists inside the human species,
with language principally being the advancement of an apparatus for cor-
respondence in a social setting. In that capacity, the improvement of social
conduct among gatherings of specialists is exceptionally compelling to nu-
merous analysts in the field of AI. There are likewise classes of complex
conduct which must be completed at the populace level, for example, the
coordination expected to assemble present day urban areas. Also, the ca-
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pacity for numerous species to interface with each other is a sign of the
improvement of biological systems on the planet, and would be attractive
to recreate too. A reenactment stage intended to permit the investigation
of correspondence and social conduct should then give a powerful multi-
specialist structure which empowers cooperation between operators of both
a similar populace just as communication between gatherings of operators
drawn from isolated disseminations.

2.5.2 Simulation Properties

Notwithstanding the properties above, there are down to earth requirements
forced by the test system itself which must be thought about when structuring
conditions for experimentation. Specifically, reenacted situations must be flexibly
constrained by the analyst and must disagreement a quick and appropriated way
so as to give the emphasis time required to test investigate.

• Fast Distributed Simulation - Contingent upon the example efficiency of
the technique utilized, current AI calculations frequently require up to bil-
lions of tests so as to merge to an ideal arrangement[11]. Thus, the capacity
to gather that information as fast as conceivable is foremost. One of the
most engaging properties of a reproduction is the capacity for it to be run
at a speed frequently significant degrees more noteworthy than that of the
physical world. Notwithstanding this speed up, reenactments can regularly
be run in equal, taking into consideration significant degrees more note-
worthy information assortment than ongoing sequential involvement with
the physical world. The quicker such calculations can be prepared, the
more noteworthy the speed of emphasis and experimentation that can oc-
cur, prompting quicker advancement of novel techniques.

• Flexible Control - A test system should likewise permit the specialist or
designer a flexible degree of command over the configuration of the repro-
duction itself, both during advancement and at runtime. While regarding
the recreation as a black-box has been sufficient for specific advances as of
late[12], by and large it likewise represses utilization of various propelled
AI approaches in which progressively unique input between the prepara-
tion procedure and the specialists is basic. Educational program learning,
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for instance, involves at first giving a simplified variant of an undertaking
to an operator, and gradually expanding the assignment multifaceted na-
ture as the specialist’s presentation builds. This strategy was utilized to
accomplish close to human-level execution in an ongoing VizDoom rivalry.
Such methodologies are predicated on the presumption that the client has
the ability to change the reproduction to make such educational programs
in the first place. Also, space randomization includes bringing enough in-
constancy into the reenactment so the models learned inside the recreation
can sum up to this present reality. This frequently works by guaranteeing
that the information conveyance of this present reality is secured inside the
entirety of the varieties introduced inside the reproduction. This variety
is particularly significant if the specialist relies upon visual properties of
the earth to play out its assignment. It is frequently the situation that
without space randomization, models prepared in recreation suffer from a
"reality hole" and perform ineffectively. Solidly, performing area randomiza-
tion frequently includes progressively controlling surfaces, lighting, material
science, and item situation inside a scene.[13]

2.6 The Unity Platform

Unity is a continuous 3D improvement stage that comprises of a rendering and
material science motor just as a graphical UI called the Unity Editor. Solidarity
has gotten across the board selection in the gaming, AEC (Architecture, Engi-
neering, Construction), auto, and film enterprises and is utilized by an enormous
network of game designers to make an assortment of intelligent recreations, ex-
tending from little versatile and program based games to high-spending console
games and AR/VR encounters.

Unity’s recorded spotlight on building up a broadly useful motor to help an
assortment of stages, designer experience levels, and game sorts makes the Unity
motor a perfect applicant reproduction stage for AI examine. The flexibility of
the hidden motor empowers the making of assignments running from basic 2D
gridworld issues to complex 3D technique games, material science based riddles,
or multi-specialist serious games conceivable. Not at all like a significant number
of the exploration stages talked about over, the fundamental motor isn’t confined

33



to any specific classification of interactivity or recreation, making Unity a general
stage. Moreover, the Unity Editor empowers quick prototyping and improvement
of games and reproduced conditions.

A Unity Project comprises of an assortment of Assets. These commonly relate
to files inside the Project. Scenes are an exceptional kind of Asset which define
the earth or level of a Project. Scenes contain a definition of a various leveled
piece of GameObjects, which compare to the genuine items (either physical or
simply sensible) inside the earth. The conduct and capacity of each GameObject
is controlled by the parts joined to it. There are an assortment of inherent parts
furnished with the Unity Editor, including Cameras, Meshes, Renderers, Rigid-
Bodies, and numerous others. It is additionally conceivable to define custom parts
utilizing C contents or outside modules.

2.6.1 Engine Properties

Environment Properties

• Sensory Complexity - The Unity engine empowers high-fidelity graphical
rendering. It underpins pre-prepared just as continuous lighting and the
capacity to define custom shaders, either automatically or by means of a
visual scripting language. All things considered, it is conceivable to rapidly
render close photorealistic symbolism to be utilized as preparing information
for an AI model. It is likewise conceivable to render profundity data, object
covers, infrared, or pictures with clamor infused into it using custom shaders.
Besides, the motor gives a methods for defining sound signs which can fill
in as potential extra observational data to learning specialists, just as beam
cast based location frameworks which can reproduce Lidar.

• Physical Complexity - Physical marvels in Unity conditions can be repro-
duced with either the Nvidia PhysX or Havok Physics motors. This em-
powers inquire about in situations with mimicked unbending body, deli-
cate body, molecule, and fluid elements just as ragdoll material science.
Moreover, the extensible idea of the stage empowers the utilization of ex-
tra outsider material science motors whenever wanted. For instance, there
are modules accessible for Unity which give both the Bullet and MuJoCo
material science motors as options to PhysX.
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• Task Logic Complexity - The Unity Engine gives a rich and flexible scripting
framework by means of C. This framework empowers any type of interactiv-
ity or recreation to be defined and powerfully controlled. Notwithstanding
the scripting language, the GameObject and segment framework empowers
dealing with various occurrences of specialists, arrangements, and situa-
tions, making it conceivable to define complex progressive assignments, or
errands which would require meta-figuring out how to understand.

• Social Complexity - The idea of the Unity scripting language and segment
framework makes the presenting of multi-operator situations basic and clear.
In fact, on the grounds that the stage was intended to help the improvement
of multi-player computer games, various valuable deliberations are as of now
gave out of the crate, for example, the Multiplayer Networking framework.

Simulation Properties

• Fast Distributed Simulation - The material science and edge rendering of
the Unity motor occur nonconcurrently. In that capacity, it is conceivable
to enormously speed up the basic reproduction without the need to expand
the casing pace of the rendering procedure. It is additionally conceivable to
run Unity recreations without rendering in the event that it isn’t basic to
the reenactment. In situations where rendering is attractive, for example,
gaining from pixels, it is conceivable to control the edge rate and speed
of game rationale. Broad control of the rendering quality likewise makes it
conceivable to enormously build the edge rate when wanted. The additional
capacities of the Unity motor do add extra overhead when endeavoring to
mimic in a huge scope disseminated design. The memory impression of a
Unity reproduction is likewise bigger than that of conditions from different
stages, for example, an Atari game in the ALE.

• Flexible Control - It is conceivable to control most parts of the reenact-
ment automatically, empowering analysts to define educational programs,
ill-disposed situations, or other complex techniques for changing the learn-
ing condition during the preparation procedure. For instance, GameObjects
can be restrictively made and pulverized continuously.
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2.6.2 Unity Editor and Services

The Unity Editor is a graphical UI used to make the substance for 2D, 3D and
AR/VR encounters. It is accessible on Windows, Mac and Linux. The Unity

Figure 2.11: The Unity Editor window on Windows 10.

Editor and its administrations give extra benefits to AI examine:

• 1. Create custom Scenes - Unity gives countless aides and instructional
exercises on the most proficient method to make Scenes inside the Editor.
This empowers engineers to rapidly try different things with new situations
of fluctuating complexities, or novel undertakings. Moreover, an online
resource store which contains countless free and paid resources gives clients
access to a gigantic decent variety of pre-manufactured substances for their
scene.

• 2. Record local, expert demonstrations - The Unity Editor incorporates a
Play mode which empowers a designer to start a reenactment and control
at least one of the operators in the Scene by means of a console or game
controller. This can be utilized for creating master exhibitions to prepare
and assess Imitation learning calculations.

• 3. Record large-scale demonstrations - One the most remarkable highlights
of the Unity Editor is the capacity to assemble a Scene to run on in excess
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of 20 stages going from wearables to versatile and supports. This empowers
engineers to appropriate their Scenes to countless gadgets (either secretly
or freely through stores, for example, the Apple App Store or Google Play).
This can encourage recording master showings from an enormous number
of specialists or estimating human-level execution from a client (or player)
populace.
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3. Training agent using Rein-
forcement Learning

The original objective was to develop a machine learning agent that would be able
to hide from a scripted Artificial Intelligence for an unlimited time and would be
able to escape chasing traditional Artificial Intelligence in case being spotted.

3.1 Learning Environment

As a practical example, an area with one game object under the agent’s control
and belonging to the blue team and a game object under the simple, deterministic
algorithm control and belonging to the red team is used. After completing train-
ing of the neural network, the blue team’s game object must be able to hide from
the traditional Artificial Intelligence of the red team - this will be the criterion of
a successfully trained agent. As an area, a flat rectangular area that simulates the
surface of a room, is used. In total, 9 areas were established, located one close to
the other at a distance of 35 meters. This approach allows to significantly accel-
erate the training of agents due to their number and more intensive accumulation
of information.

Each round is as follows: there are all the necessary game objects on the area
and they are placed in random order. Then the chasing begins and continues until
the traditional Artificial Intelligence catches the agent. After the chasing ends,
blue agent and red Artificial Intelligence are placed randomly but not close to
each other, then the round begins again. The game uses the mechanics of simple
movement, with constant speed, without any accelerations or deceleration. The
red Artificial Intelligence starts patrolling the area choosing randomly a point to
patrol. It has a cone area that represents the red one’s sight. The blue agent
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always knows where is the red one is placed by sending indefinitely raycasts to-
wards it. When the blue agent is in the sight area the red one will start chasing
it until the red one will lose it out of sight. In that case the red one will continue
to patrol the area.

3.2 Neural network architecture

For proper operation of the neural network, an important factor is the correct
choice of its architecture and parameters. In this case, based on the existing
information on the experience of using different types of neural networks for dif-
ferent tasks, several different configurations were selected and tested. The network
parameters that showed the best results are as follows:

• Architecture: feedforward neural network

• Batch size: 512

• Batches per epoch: 8

• Number of layers: 2

• Hidden units: 128

• Max steps: 3.0e5

• Gamma: 0.99

• Lambda: 0.95

• Learning rate: 3.0e-4

• Time horizon: 2048

• Normalize: False

The feedforward neural network architecture and the tanh activation function
are the default parameters that are used by the ml-agents’ environment for agents
training. All other parameters are configured in the file trainerconfig.yaml from
the on-line ml-agents and have been selected based on experience.
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3.3 Input Signals

The signal is transmitted inside the agent using the AddVec-torObs function built
into ML-Agents. To achieve the best results during training, the input signals
must be normalized to the range of [-1, 1] or [0, 1]. Due to the value normalization,
the neural network finds a solution faster - this is a good practice in the design of
neural networks. But in our case it is not necessary. In the final implementation,
the blue agent has several input signals:

• Physical condition

• Current speed

• Enemy’s speed

• Enemy’s position

• Win zone point position (later in the Escape section)

3.4 Output Signals

The output signals of the neural network allow to control the blue agent. At the
output, the neural network of the practical example has 4 signals:

• Up motion signal

• Down motion signal

• Right motion signal

• Left motion signal

Each of the signals is transferred to a secondary low-level module responsible for
the control of the agent.

3.5 Rewards

For the correct work of Reinforcement Learning algorithm, it is necessary to use
the reward/punishment system at training. This is a very important point; it
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influences the result behavior of the neural network. Rewards are issued using the
AddReward (value) method. The ML-Agents documentation states that rewards
should be issued only according to the final result, not the actions, but in this
practical example, the issuance of small rewards for certain actions positively
affected the results. The final reward system is as follows:

• Time the agent could remain uncaught in seconds (in the Hide scenario) as
a reward

• Time the agent needed to reach the win zone in seconds as a punishment
(in the Escape scenario)

• 10 points as a reward if the agent managed to reach the win zone uncaught
(in the Escape scenario)

• 0 points if the agent was caught (in the Escape scenario)

In the Escape scenario the reward was calculated by the next logic: 10 minus time
consumed to get to the win zone. If it took more than 10 seconds then reward
would be 0 as in cases the agent would be caught in the process.

3.6 Hide

Inspired by the multiple games of the stealth genre like Tom Clancy’s Splinter Cell
and Metal Gear Solid. The project expected the scripted Artificial Intelligence
to keep watch over the environment by regularly walking or traveling around or
through it and require the machine learning agent to be in a field of view and
afterward an observable pathway inside that field of view. To achieve this, there
was built a 3D model in blender using a modified cylinder and turned the model
into a trigger area. The agent sends raycasts to the scripted Artificial Intelligence
each amount of short time to look for where the scripted Artificial Intelligence’s
sight is directed. At the point when the agent both inside observable pathway and
the field of view, the Artificial Intelligence refreshes its objective position to the
position of the agent. In case the agent is out of sight direction, the last known
position of the agent becomes the destination, and after reaching the destination,
the scripted Artificial Intelligence will return to keep watch over the environment.
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Figure 3.1: The red scripted AI’s sight. Detection of the agent.

After testing different configurations of hyperparameters, the most successful
configuration was found at a time from a values set that happened to be resulted
training the agent.

General parameters:

• Max Steps : 30e5

• Run Path : "ppo"

• Load Model : False

• Train Model : True

• Summary Frequency : 10000

• Save Frequency : 50000

• Environment Name : "Hide3"
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Figure 3.2: The evasion method is called every Fixed amount of time.

• Curriculum File : None

Algorithm-specific parameters for tuning:

• Gamma : 0.99

• Lambda : 0.95

• Time Horizon : 2048

• Beta : 1e-3

• Number of Epoch : 8

• Number of Layers : 2

• Epsilon : 0.2

• Buffer Size : 20480

• Learning Rate : 3e-4

• Hidden Units : 128

• Batch Size : 512

43



Figure 3.3: The red scripted AI patrolling and detection logic.

Figure 3.4: The punishment for the agent in case it is caught by scripted red AI.

• normalize : False

The agent’s behaviour and the widely differing results of the training was
unsatisfactory, so the work needed to be checked up with documentation of best
practices on the machine learning agents git repository. And it was decided to
increase the buffer size. The attempt resulted in a more stable, but still not very
magnificent smooth increment in cumulative reward. In the work it was decided
to continue to increase the buffer_size hyperparameter and train the agent until
stability or behaviour enhancement occurs.

General parameters:

• Max Steps : 30e5

• Run Path : "ppo"

44



Figure 3.5: Hyperparameters for training the Hide Scenario (Hide3).

• Load Model : False

• Train Model : True

• Summary Frequency : 10000

• Save Frequency : 50000

• Environment Name : "Hide4"

• Curriculum File : None

Algorithm-specific parameters for tuning:

• Gamma : 0.99

• Lambda : 0.95

• Time Horizon : 2048

• Beta : 1e-3

• Number of Epoch : 8

• Number of Layers : 2
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Figure 3.6: TensorBoard graphs for training the Hide scenario (Hide3) 1

• Epsilon : 0.2

• Buffer Size : 40960

• Learning Rate : 3e-4

• Hidden Units : 128

• Batch Size : 512

• normalize : False

At a time, the work could show enhanced training parameters, and the be-
haviour of the agent tends to show less confusion and stuck incidents.

Seeing the unstable behaviour of the training, this project was decided not to
try curriculum training for the ‘Hide’ scenario.

3.7 The Limits of Simple Avoidance

After enough amount of time, the agent was always caught by the scripted chasing
Artificial Intelligence. The agent couldn’t find a set of approaches in which it was

46



Figure 3.7: TensorBoard graphs for training the Hide scenario (Hide3) 2

able to escape from any point from the slightly slower moving scripted Artificial
Intelligence indefinitely. This caused a thinking of the approach of the scenario.
This scenario was definitely not practical.

If two similarly competent individuals were placed into a comparative shut
environment, and one could only run from the other. After some time, the one
pursuing would probably always end up the winner. The situation of indefinitely
escaping from being caught in a small area does not occur out of a game of tag
between the kids, and all things considered they regularly use a playground or
an entire park. On the off chance that this were state a situation of an intruder,
there would be some kind of fight used between the two and one would turn out
the winner. Or then again the individual hiding would have the option to discover
a place to hide where the one looking for the other individual would not have the
option to find them at all.

It was believed that there was an optimal set of decisions in which the agent
could avoid the scripted Artificial Intelligence indefinitely in this environment,
but it was impossible to retrieve because of the ‘Hide’ training implementation
limitations. The project headed to try another scenario.
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Figure 3.8: Improved hyperparameters, better tuned for training the Hide Sce-
nario (Hide4)

3.8 Escape

A working scenario seemed to be escaping from the small area out into a big-
ger one. The scenario was reworked to include some "traps". This also gave a
condition for the agent to increase its chances to increase total escape time given
that the speed of the pursuer by default is higher than the speed of the agent.
After testing some values in the curriculum, it was discovered that if the set of
decisions of the agent was calculated with a high average reward and level out,
and then sneak up near a very high good outcome frequency before increasing the
chasing Artificial Intelligence’s speed and learning to run away from a much faster
pursuer, it would be the best option. Giving the scripted Artificial Intelligence
simply more speed of 1.0 at the start comparing to the previous speed at the start
of 0.5 that was used in the previous scenario also was more successful decision.

General parameters:

• Max Steps : 30e5

• Run Path : "ppo"

• Load Model : False
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Figure 3.9: TensorBoard graphs showing more stability throughout training the
Hide scenario (Hide4) 1

• Train Model : True

• Summary Frequency : 10000

• Save Frequency : 50000

• Environment Name : "Hide4"

• Curriculum File : "curricula/escape.json"

Algorithm-specific parameters for tuning:

• Gamma : 0.99

• Lambda : 0.95

• Time Horizon : 2048

• Beta : 1e-3

• Number of Epoch : 8

• Number of Layers : 2
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Figure 3.10: TensorBoard graphs showing more stability throughout training the
Hide scenario (Hide4) 2

• Epsilon : 0.2

• Buffer Size : 10240

• Learning Rate : 3e-4

• Hidden Units : 128

• Batch Size : 1024

• normalize : False

This method appears to be worked admirably as the cumulative reward for a
pursuer in the case of its maximum speed got to the value of 9.48, which roughly
speaking is close to the flawless reward value of 10 as it can get to it with the
penalty function which occurs to be in the escape mode. [14]
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Figure 3.11: The ML Agent about to enter the win zone and score 10 points.

Figure 3.12: As we had two Academy modes evasion reward system is reworked.
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Figure 3.13: Reworking how reward will be calculated.

Figure 3.14: The Escape curriculum file
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Figure 3.15: Resetting the speed parameter from academy curriculum.

Figure 3.16: Hyperparameters for training the Escape agent (EscapeFaster)
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Figure 3.17: TensorBoard graphs for the Escape scenario (training to 3 million
steps) 1

Figure 3.18: TensorBoard graphs for the Escape scenario (training to 3 million
steps) 2
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4. Training agent using Imita-
tion Learning method

4.1 Hide and Escape Scenarios

In the first two versions of the environment scenario, the goal for the agent was
to avoid being captured by the traditional AI. The reward was calculated by
how many seconds the agent would manage to avoid the traditional AI. And in
order to enhance learning speed, there were nine parallel environments with nine
agents that trained simultaneously. After performing 3 million attempts in the
first scenario progress of avoiding continuality occurred. But it was inconsistent
and by the time there were still cases when the agent would be captured too fast.
After testing some values of parameters in the curriculum, increasing buffer size
twice, there were improvements in the learning, and results were more effective
than in the first scenario, but still, it had flaws and inconsistent reward curve
after the same 3 million attempts. Then a new approach of training was decided
to perform. There was a problem that it never is possible to avoid the traditional
AI indefinitely in a closed area like our environment. And even if the agent could
eventually train to avoid indefinitely it meant that there was no win condition
for the environment. It was decided that an agent should have an endpoint and
the win condition. In this scenario, the reward was calculated by 10 minus how
many seconds it took for the agent to reach the aim area. The expected result
was achieved after the same 3 million attempts the agent could reach the aim area
in less than a second [[14]].
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Figure 4.1: The training is enhanced by creating nine parallel environments.

4.2 Human Escape Scenario

After all the settings have been completed, it is possible to build an executable file
that will be used by the Tensorflow environment. In order to start the learning
process, it is necessary to insert the following command: python python/learn.py
build/build.exe –run-id=0133 –train -slow A window with the game will open,
and the person using the previously assigned commands will be able to control
the agent. It is very important to prepare, you need to be able to play well -
the better the Teacher plays, the better the neural network learns. For a game
scene, it is desirable to prepare two cameras in advance. One camera (main) will
be aimed at the teacher’s tank. The second one (auxiliary) - at the tank of one
of the trained agents - it may be placed on a screen quarter in one of the corners.
This method will allow to monitor the progress of learning.

It’s worth displaying all the debug information on the screen, because it’s
easy to make a mistake in the code and it’s much better to learn about it right
away and not after a failed learning attempt. It is also very helpful to use the
Tensorboard tool, which displays the progress of learning. The most important
indication is cumulative reward - it displays the average reward of each agent per
round. Over time, the statistics values should rise.
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After we reached sufficient results by using Reinforcement Learning it was time
for the next step which is applying Imitation Learning to training ML agent in the
same environment. Although the controls for the environment were super simple
it was very time consuming to record enough data for upcoming calculations.
Also, a flaw occurred in the behavior of a human being since the aim area is
randomly placed in the environment, including the character and traditional AI,
after each attempt. It took some time for a real person to detect its aim area and
the position of the character. While the agent would know the environment state
in the first frame of the attempt. And because of this, the best result that the
agent would achieve after applying Reinforcement Learning was a little less than
2 seconds, which is three times more than the result of Escape scenario. But in
this scenario, the agent manages to behave like a real person and if this result is
expected by the developers, then one second is not that important comparing to
the realism.

4.3 Comparing the methods

Comparing two methods of learning is difficult since they achieve different results
and behaviors. And the intersection results may only occur for early training
which may be random and not satisfactory. It is obvious that Imitation Learn-
ing approach consumed more time to perform due to recording realtime human
behavior which also consumes human resources more. If the developers seek the
most effective results then Reinforcement Learning method will be more prefer-
able. And if their intentions are to develop an AI that is close to human behavior,
then Imitation Learning method is the best choice. However in both approaches
there were some cases when even after 3 million steps of learning, the agent was
able to reach the point only when the traditional AI is gone in a very long dis-
tance. And as the traditional AI patrols the environment randomly, there were
cases, when the agent was waiting unnecessarily for a long time. That happened
because the agent does not consider barriers in his path like walls and also he
does not consider the direction of the traditional AI.
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5. Conclusion

This study explores the opportunities and benefits of single use of Reinforcement
Leaning and simultaneous use of Reinforcement Learning and Imitation Learn-
ing in artificial intelligence development for video games. Tools for creating the
Learning Environment and learning AI agents have been considered. Practical
recommendations, allowing to optimize the parameters and characteristics of the
neural network and to conduct more effective training, were given. In the final
result, a video game agent, which controls the character, effectively uses the avail-
able game mechanics and whose behavior is similar to a human, was created and
trained. And also a video game agent who shows the most effective result was
developed and trained.

Starting to work with this tool in 2018, it was still in the development, in beta.
The research was proceeded on a beta version. For now the tool is fully released,
on 12th of May 2020 it was announced that ML-Agents Unity package is officially
released, meaning that all of the planned features are completed that are still not
learned in this work. And there are more features coming in the future as Unity
team and the community are supporting and improving this amazing toolkit.
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A. Training Academy code

A.1 Evasion Algorithm of Hiding agent

void Evasion()
{
if (evadedTimerActive == true)
{
if (evadedTimer > 0)
{
evadedTimer -= Time.fixedDeltaTime;
rewardBuffer += reward;
}
else
{
evadedTimerActive = false;
Debug.Log("Evaded in " + HideSpace.name);
// Multiply reward for living if hiding, negate living
penalty if escaping
if (hideAcademy.mode == HideAcademy.Mode.Hide)
reward += rewardBuffer * 4.0f;
else if (hideAcademy.mode == HideAcademy.Mode.Escape)
reward -= rewardBuffer;
}
}
}

A.2 Win Zone Handler
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private void OnTriggerEnter(Collider other)
{
if(other.tag == "Player")
{
HideAgent hideAgent = other.gameObject.GetComponent<HideAgent>();
hideAgent.done = true;
hideAgent.reward += 10.0f;
hideAgent.wins += 1;
hideAgent.AgentReset();
}
}
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B. Hyperparameters

Hyperparameters for training the Escape agent (EscapeFaster)

• max_steps = 30e5

• run_path = "ppo"

• load_model = False

• train_model = True

• summary_freq = 10000

• save_freq = 50000

• env_name = "Hide4"

• curriculum_file = "curricula/escape.json"

• gamma = 0.99

• lambd = 0.95

• time_horizon = 2048

• beta = 1e-3

• num_epoch = 8

• num_layers = 2

• epsilon = 0.2

• buffer_size = 10240
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• learning_rate = 3e-4

• hidden_units = 128

• batch_size = 1024

• normalize = False

• hyperparameter_dict = {’max_steps’:max_steps, ’run_path’:run_path,
’env_name’:env_name, ’curriculum_file’:curriculum_file, ’gamma’:gamma,
’lambd’:lambd, ’time_horizon’:time_horizon, ’beta’:beta, ’num_epoch’:num_epoch,
’epsilon’:epsilon, ’buffe_size’:buffer_size, ’leaning_rate’:learning_rate, ’hid-
den_units’:hidden_units, ’batch_size’:batch_size}
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