
IMPROVEMENT OF DEEP REINFORCEMENT 

MODELS USING EXTREME LEARNING MACHINE 

FOR AUTONOMOUS AGENTS IN UNSTRUCTURED 

ENVIRONMENT 

 

BY 

 

NOUAR ALDAHOUL 

 

 

A thesis submitted in fulfilment of the requirement for the 

degree of Doctor of Philosophy (Engineering) 

 

 

 

Kulliyyah of Engineering 

International Islamic University Malaysia 

 

MARCH 2021 

http://www.google.com.my/url?url=http://www.iium.edu.my/educ&rct=j&frm=1&q=&esrc=s&sa=U&ei=KHqFVJaTIZKyuATNwoGoBw&ved=0CBMQFjAA&usg=AFQjCNH8CPBB4-yr6XSF1EeEZS5f3iT02w


 

ii 

ABSTRACT 

Creating an autonomous agent, that gets real observations such as sensory data and 

images from the surrounding environment and learns optimal sequential actions, has 

been considered as one of the main goals of Artificial General Intelligence (AGI). Deep 

(Hierarchical)  Reinforcement Learning (HRL/DRL) can address this objective.  

Traditional deep reinforcement learning methods suffer from long learning and training 

time resulted from the need to fine-tune the weights iteratively in the network. This 

research investigates the previous problem by utilizing a random weights generation 

approach that is based on Extreme Learning Machine. This method benefits from the 

randomness of input weights and least square solution in output weights calculation to 

reduce the training time by an order of magnitude. Hierarchical ELM (H-ELM) and 

Local Receptive Field ELM (LRF-ELM) are recent versions of multilayer ELM to 

respectively learn and extract features by hierarchical learning scheme. They have 

outperformed other existing deep models in terms of learning time (speed). H-ELM’s 

architecture was found to be similar to gradient-based (GB) auto-encoder without 

weights fine-tuning. However, H-ELM gives higher learning speed compared to the GB 

autoencoder. Moreover, LRF-ELM was found as similar to Convolutional Neural 

Network (CNN) without weights fine-tuning. It has outperformed the traditional CNN 

in the term of  learning time. Therefore, in this research, the proposed method, which 

combines RL with H-ELM or LRF-ELM, is an efficient solution to approximate the 

action-value function and learn an optimal policy directly from visual data (images) in 

a short time. In addition, this research proposed a novel method called Convolutional 

H-ELM (CH-ELM) which is a combination of pre-trained CNN and H-ELM. This 

method has outperformed either CNN or H-ELM in terms of accuracy and RMSE. The 

experimental results have been analyzed and evaluated in different applications such as 

target reaching arm, 2D maze navigation, slide puzzle game , objects sorting, and rock-

paper-scissor game.  The data samples have been trained and tested to investigate the 

robustness of the proposed systems. It was found that the proposed models can reduce 

the learning time by an order of magnitude in various tasks without degrading the 

performance. The big improvement in learning speed in the proposed method can 

neglect the slight drop in accuracy in few tasks compared to traditional methods. 

Therefore, the proposed method can  balance the trade-off between learning speed and 

good performance. In addition, it is able to run on traditional CPUs that are available in 

the most of the low cost embedding systems.   
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 خلاصة البحث 
ABSTRACT IN ARABIC 

  من البيئة المحيطة   صور ال  وساسات  الحبيانات  ك  الحقيقية تعد عملية ايجاد عميل ذاتي القرار قادر على رصد المشاهدات 
وتعلم سلسلة من الأفعال المثالية من أهم أهداف الذكاء العام الصنعي. استطاع التعلم المعزز الهرمي )العميق( تحقيق هذا  

وزان   الأن الحاجة إلى توليف  مالناتج  والتدريب  من طول زمن التعلم    عميق الطرق التقليدية للتعلم المعزز ال  تعان   .الهدف
م  ئ القا   عشوائية الوزان  الأ  توليد  مفهوملاستفادة من  ب . في هذا البحث تم دراسة هذه المشكلة  في الشبكة   بشكل متكرر

القائم على المربعات الصغرى في    لالدخ  عشوائية أوزان هذه الطريقة تستفيد من  .  ELMخوارزمية   على   ومن الحل 
و حقول الاستقبال    H-ELMعدد من المرات. تم الاستفادة من البنية الهرمية  حساب أوزان الخرج لانقاص زمن التدريب  

متعددة الطبقات ويتم فيهما تعلم الميزات أو استخراجها     ELMوهما إصداران حديثان لشبكة     ELM-LRFsالمحلي  
الت  النماذج تفوقعن طريق  العميق على    ت علم الهرمي. هذه  التعلم  التعلم )سرعة    نماذج  الموجودة مسبقاً من خلال زمن 

بنية التعلم(.   )ا  تشبه   H-ELM  إن  الانحدار  القائم على  هبوط  الألي   Gradient Descent basedلمرمز 
auto encoder )   .البنية   ومع ذلك فإن  ولكن بدون الحاجة إلى التوليفH-ELM    تتمتع بسرعة تدريب أفضل

  CNNكما تم استخدام حقول الاستقبال المحلي كبنية بديلة مشابهة للشبكات العصبونية الالتفافية   .مقارنة مع الأخير
  فإن   ا لذ  من حيث سرعة التعلم.   CNNولكن بدون الحاجة إلى توليف الأوزان وضبطها. وقد تم إثبات تفوقها على  

حل    هي  ELM-LRFs  و أ   H-ELMعلى دمج التعلم المعزز مع    والتي تعتمد  في هذا البحثالمقترحة    الطريقة 
ب تعلم    و  (Action Value Functionتابع قيم الأفعال  )   قريب لت  فعال  شكل مباشر من  الاستراتيجية المثالية 

طريقة جديدة    بلإضافة لما سبق تم في هذا البحث اقتراح    .خلال زمن قصير   المعطيات المرئية )الصور( كمدخل للنظام
  H-ELMو الذي  تم فيه دمج الشبكة الالتفافية  المدربة مسبقا مع الشبكة الهرمية العشوائية  CH-ELM تدعى

من حيث الدقة وجذر    H-ELMو شبكة   CNNو قد اثبت هذا النموذج تفوقه على كل من الشبكة الالتفافية  
النتائج التجريبية في تطبيقات مختلفة كتطبيق ذراع روبوتية يبحث عن   وتقييم   تحليلفي هذا البحث  متوسط مربع الخطأ. تم 

البازل المتز  البعد ولعبة  تم تدريب  ولعبة حجر ورق مقص.  حلق وفرز الأغراض المختلفة  الهدف وعميل في متاهة ثنائية 
انقاص زمن التعلم عدد    المقترح قادر على   وذجوفحص عينات من البيانات للتأكد من متانة النظام المقترح. وجد أن النم

ل  اهمسمح بإقترحة التحسن الكبير في سرعة التعلم في الطريقة الم إن  الأداء.   ى من المرات في مهام مختلفة دون تراجع مستو 
المقايضة    تستطيع موازنة   فإن الطريقة المقترحة  لكلذ  . التقليدية   الطرق لمقارنة مع  بفي بعض المهام  الدقة    الطفيف في    التراجع

  المضمنة قابلة للتنفيذ على المعالجات التقليدية المتوفرة في معظم الأنظمة  بلإضافة الى أنها    د. بين سرعة التعلم والاداء الجي
   .منخفضة التكلفة 
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CHAPTER ONE 

INTRODUCTION  

1.1 RESEARCH BACKGROUND  

Most of the robot control and planning issues are represented by uncertainties of sensing 

and acting devices of robots. Recently, applications in robotics have moved from a 

highly controlled environment to unstructured environments. Working in an 

unstructured environment is considered as a challenging task for autonomous agents. 

The unstructured environment is characterized by one or more of these factors: 

complexity, uncertainties and/or a high dimensional state space (Katz, Kenney, & 

Brock, 2008).     

Creating an autonomous agent, that gets real observations such as sensory data, 

images, videos or audio from the environment and learns optimal sequential actions, 

has been considered as one of the main goals of Artificial General Intelligence (AGI) 

(Kuhnberger et al., 2009). Deep (Hierarchical) Learning and Reinforcement Learning 

(RL), two subfields of Machine Learning (ML), can address this objective.  Deep 

learning can learn features that are relevant to discriminative action values. On the other 

hand, Reinforcement Learning learns to map the learned features to optimal actions 

(Kuhnberger et al., 2009).  

Reinforcement learning (RL) is an active research area in machine learning, 

artificial intelligence, and neural network (Sutton & Barto, 1998; Kaelbling, Littman, 

& Moore, 1996). RL differs from other learning methods such as supervised learning 

that needs to have a pair of inputs/outputs to find the model. In RL, the agent first 

observes the state of the environment and generates action. The environment moves the 
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agent to a new state and gives it a reward which is a scalar value that evaluates the action 

in the current state. The idea of learning by interacting (trial-and-error) with the 

environment is used when there is no direct teacher but only sensory and motor 

connections with the surrounding (Sutton & Barto, 1998; Kaelbling, Littman, & Moore, 

1996). The objective of RL is to map different situations to proper actions that maximize 

a reward.  

RL has been used for a while to find an optimal policy or optimal series of actions 

in a low dimensional environment (Sutton & Barto, 1998; Kaelbling, Littman, & Moore, 

1996). This policy results from the interaction between the agent and the environment 

by doing actions and getting positive and negative rewards. The trial – error technique 

formulates the RL utilizing the MDP (Markov Decision Process) model which describes 

the agent-environment interaction. Figure 1.1 shows the model of interaction between 

robot and environment in the unstructured environment. The value iteration method is 

one of the RL methods that use the value function, which is discounted accumulated 

rewards, to describe the value of the actions (Bellman, 1957). The objective is to 

optimize the policy by choosing actions that have maximum action values.  

When the input is high dimensional data such as images, traditional RL is 

suffering from many problems (Bellman, 1957; Keogh & Mueen, 2017). Therefore, the 

method of deep reinforcement learning was found as an alternative solution. A 

combination of deep and reinforcement learning is the foundation of AGI (Kuhnberger 

et al., 2009). Deep reinforcement learning gets a stream of raw data (sensors or camera’s 

images) and reacts to the environment with a sequence of control actions to finally 

achieve the desired goal. The existing deep reinforcement learning models were found 

to give a good performance, but they require long training time even if the algorithms 

run on a powerful Graphical Processing Unit. Therefore, there is still a need to have 


