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Abstract: There are many challenges currently faced by the humanoid robot’ models to achieve the objective
or target planned for them. One of these challenges is the trade-off between the ability to accurately mimic the
human body and uptime. While some of these models like ASIMO has very accurate degree to mimic the bipedal
walking gait used by human due to high actuations, it consumes high power. Through our proposed model we
introduce a model-free deep Q-learning algorithm (DQN) that doesn’t simulate the bipedal walking gait used by
human based on predetermined sequence or modelling via supervised learning. On counter, our proposed
model learns from interactions/interfacing with the surrounding environment by applying actions on the robot
and observing the reward from that action to make an under-actuated robot able to balance and walk forward,
backwards, sideways, and rotate in place using only 4 actuators. It takes quite long time at the start of the
learning process where robot is learning by trial and error but once learned it becomes able to perform and
reach the target goal without being fall down. Results achieved from the proposed simulated model show better
performance in terms of ability to reach target without being fall and corresponding power consumption.
Keywords - Deep Q-learning, Humanoid robots, Multilayer Perceptron Deep Neural Networks.
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I.  Introduction

Robotics and robot science becomes currently a core and building block for modern life, it found its way
through different dimensions in our day to day actions. To accommodate with the high pace of current modern
life needs, robotics R&D is in continuous improvement over the last decades. Despite this rapid rate of
improvement, most robots designs are direct programmed, enabling them to only do few programmed or
predefined and dedicated tasks with high cost [10]. To enable robots satisfy these modern life needs, artificial
intelligence and learning algorithms subject to continuous development and improvement to enable robots from
achieving their goal of ease the human day-to-day tasks. Although these robots can outperform humans on certain
tasks, they cannot do any tasks other that what they were originally programmed to do. Therefore when we think
of a better way to assist humans, what is better at interacting with an environment designed to serve humans, than
a human and give the ability to robot to learn and build his knowledge base from the interactions with the
environment. Through our proposed system, humanoid robot with under actuation is introduced as the human
body fits to act well in a day-to-day environment which are already designed to be used by humans. By applying
our system methods, the robot will be able to learn how to balance, detect its goal and walk towards it without
having any predefined sequence, model or even supervised learning like other models exist currently either in the
literature or industrial market. This will not limit our proposed model to perform specific set of defined tasks, but
rather learn any task from interactions with surrounding environment. This makes our proposed model
outperforms other existing models in the literature where learning algorithm of some of them based on supervised
learning [2] that takes specific sequence of events to perform a task, while others like ATLAS [5] uses
unsupervised learning with model-based learning. The proposed system of that intelligent humanoid robot's
constituents are: the sensory system with a suitable processing unit, the lower body learning algorithm (DQN)
that makes the robot able to learn how to balance while walking consists of two integrated blocks (Q-Learning
and Neural Network [1]) which will be our main focus in this paper, and finally the Convolution Neural Network
(CNN) that takes inputs from the camera to detect the goals in order to move towards them from one place to
another. It is only in recent years that manufacturers are making robotics increasingly available and attainable to
the public and there are four previous systems that are under the category of humanoid robots with artificial
intelligence like ASIMO [2], NAO [3], DARWIN [4] and ATLAS [5].
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Il. Background

There are many different robotics models currently where we can illustrate some of them as relevant to
our research like ASIMO [2], or Advanced Step in Innovative Mobility is a humanoid robot which recognizes
and detects obstacles in the environment around it and finds the shortest path to a specific goal or target. NAO
[3] is an autonomous humanoid robot, NAO has 25 Degrees of Freedom (DoF) that enables him to move and
learn from the environment by trial and error. DARWIN-OP [4] is a small humanoid robot platform with
reinforcement learning to learn how to walk and balance. ATLAS [5] is a humanoid robot which considered one
of the few models that applied Deep Q-Network (DQN) to learn how to walk as humans. ATLAS uses the Q-
learning algorithms to learn how to pick the optimized actions towards goal. The key value behind the Q-
learning, is that it tries to get the state-action pair that makes the agent closer to the goal using not only the
current data/state but data/states from the past to conclude the state in the future or the next state using the Q-
value that maximizes specific evaluation function. And while Q-Learning objective is to find the optimum
action to take towards the goal, the Neural Network helps to find the correlation between the input state or data
gathered from the sensors and actions. This can be done by feeding the input sensor data to train the Neural
Network to produce the optimum action in this non-linear problem for the robot infinite action space. Output
from the neural network is back propagated afterwards using the gradient descent which is the derivative of
evaluation function (difference between the output and the expected value from the labelled data or reward
function). The main advantage of neural network that makes DQN best fit for solving our problem of robot
control is its ability to learn the importance of particular features within a dataset [8]. Its main strength lies in
that it operates on continuous data, meaning that even if the network has not been trained on a particular input, if
the input is close to values it was trained on, then the output will be close to the output for the trained values or
become more general and the other way around when the network is over-trained then it will become too
specialized to detect specific features only and will not be able to detect other than what it is trained for.Our
proposed system is different from the applied mentioned ones in many aspects, first the under actuation concept
that results in lower cost and power consumption; and second, using model-free DQN algorithm. Our proposed
learning algorithms are achieved based on reinforcement learning (Deep Q-Networks) and convolution neural
network. Our proposed system for building a humanoid robot uses model-free DQN to learn how to balance and
walk by applying optimized actions on the surrounding environment and getting reward in return that is mapped
to these actions. The DQN algorithm selects these optimized action to optimize specific value function towards
specific goal. The reminder of the paper is organized as follows: the experimental and computational details of
the proposed system will be covered in section 2, section 3 will cover the testing results and experimental
analysis for the proposed system and finally the conclusion for the overall proposed system will be concluded in
section 4.

I11. Proposed System Design
3.1: System overview:

The learning algorithm Deep Q Network (DQN) composed of two main parts the Q-learning [7]
algorithm and the neural network [8]. Firstly, the Q-learning algorithm which is a specific case of
Reinforcement Learning (RL) algorithm learns by trial and error through taking actions and observing the
reward reserved based on that action, as visible in” (1)”. Q (state, action) = R (state, action) + discount factor *
Max Q (Next State, all Actions) (1)We can conclude from the above Q-learning equation that when the robot is
in state “s (t)” and got an action “a (t)” that move it to state “s (t+1)” it receives a reward “r (t)”” based on if that
action is good or bad. The algorithm learns also to maximize the received reward r(t) which we can derive from
the term [discount factor *max Q(s (t+1), a)]. On the other hand, there are other types of machine learning
algorithms like supervised and unsupervised learning [9]. These learning algorithms require previous training
data for the system to be trained, however in Reinforcement Learning (RL) algorithms, the learning algorithm
learns by trial and error. RL is agent-centered where agent performs action on the surrounding environment and
get either positive or negative reward based on the action and the reward function criteria R(t). The Q-Learning
(QL) is special version of the RL algorithms, which uses the maximum function over the action value function
Q(t) to choose the next actions, unlike other RL algorithms which use the summation function. One of the other
main benefits of the QL algorithm, is that it absorbs and accommodates large search space using nonlinear
function approximation methods like neural networks.
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One of the main drivers to use Q-learning in our proposed model is because it is an off-policy learning
algorithm that can learn by re-using experience generated from old policies which will be saved in the replay or
historical memory or register. Secondly, the neural network in our system required by the RL algorithm acts as a
look up table to store states and respective actions pairs. The robot search space is very large, as each change in
any motor angle considered as a new state. Neural network acts as a value function approximation for the robot
state, because the nonlinear problem of humanoid robots walking. The complexity of this non-linear problem
related to how many parameters to be considered while making a walking robot like the robot's weight, inertia,
balancing, PID control parameters and how large and changeable the environment around him, cannot be solved
with linear value function approximation. We used a deep neural network [10] like in figure 1 to handle and solve
this nonlinear problem via function approximation. Neural network in the DQN utilizes more than one hidden
layer to be able to handle the walking and balancing process in the robot infinite search space.

3.2: System description:

The input data gathered from the robot sensors (camera and Inertia Measurement Unit (IMU)) constitutes the

state vector that feed into the learning algorithm (DQN) of the proposed system [15]. This represents the robot

current state and how it perceived the surrounding environment. The learning algorithm uses this data and

process it to conclude the next state which will be mapped in terms of motor angles to move the robot towards

the goal. The event sequence of this scenario is as follows:

1. Get the initial state S (t) of the robot from the sensory system.

2. DOQN predicts an action A (t) based on the state S (t).

3. Convert the actions from the DQN algorithm to motor angles and execute them on the mechanical system
(Robot).

4. Produce the new state S (t+1) to maximize the value function to reach the goal.

5. Evaluate this sequence of initial state S (t), action A (t) and new state S (t+1) through a reward function R
(©).

6. The reward function gives the DQN algorithm a positive or negative reward based on whether the action
was good or not.

7. DON then learns how to predict better by training over and over achieving higher rewards.

IV. System description
The proposed DQN neural network structure is a 2 layers' feedforward neural network each layer
contains 250 neurons, we used this architecture because it produces better results while training the robot,
although 1-layer neural network is sufficient enough to approximate most learning problems.

3.1.1 Neural network hyper-parameters description
Network hidden layers count, There is direct proportion between the number of hidden layers, and the
computation time, the probability to learn in large state space environments increases with moderate number of
hidden layers. That is why we found through different iterations that 2 hidden layers is the best fit for our
learning model.
1- Number of neurons per hidden layer, while there are different methods for determining the optimized
number of neurons per each hidden layers. The best fit figure subject to trial and error method. There is
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also a direct proportion between the number of neurons and the probability of overfitting, also this
extends to the computation time which is also directly proportion with the number of neurons. We reach
the conclusion that 250 neurons in each hidden layer fit for our learning strategy and timelines.

Replay memory size, There is direct proportion between the replay memory size and the probability of
learning because the capacity to store more learning and historical data increases. We select memory that
fits for 1000 episodes.

Learning rate, this is very challenging parameter as increasing the learning rate, may lead to overshoot the
goal. With infinite search space, we must select lower value for the learning rate so that it won't stuck in a
local minimum.

Regularization factor, Critical to avoid overfitting which is irrelevant in our proposed design, as the
search state space is infinite and it's hard to over fit the data or optimized action/goal.

Discount factor, should be in the range between 0 and 1. Shouldn't be 0 to avoid ignoring completely the
future rewards, and shouldn’t be 1 to ensure the value of the future actions being considered is decreasing
over time.

3.1.2 State representation:

The state representation helps to identify the state of the robot at each step as shown in figure.2.

State
Representation

i 1 1 1 T 1 1 1 1
Previols Distance to | | Angle from | | Onientation Eoa Terming

Actionz oz Goa inXandy Feet Flags counter fufm movEs sfate Flag Fall Flag

Fig. 2. Proposed model State representation

The real robot sensory (Camera, and Inertial measurement unit (IMU)) inputs (Distance to goal, Orientation
values, and angle from goal) are mapped to the Q-Learning state representation. The detailed description of
these state elements can be described as follows:

[

[2

(3]

(4]

(5]

(6]

Previous Actions, refers to the last 10 actions considering action as an array with 6 elements such that
each element represents a motor out of 6 motors. Motor angle represented by a value of -1, 0 or 1 to
control the motor state either to increase, maintain or decrease the speed/state.

dist_to_goal_flag, flag that indicates how close the robot to the goal in meters. It is binary encoded
relative to a range of distances. i.e. if the distance to goal is > 0.25 m then dist_to_goal flag =[1 00 0]
else if the distance to goal is >0.20 m then dist_to_goal_flag = [0 1 0 0] and so on until dist_to_goal_flag
= [0 0 0 0] which means that the robot has reached the goal

angle_away_from_goal_flag, indicates if the robot is facing the goal or there is a deviation in the angle
between the robot and the goal which is the orientation around the Z-axis. The angle value is first
rounded then it is encoded to a 9-bit binary number. i.e. 360 will be [101101000].

Orientation_X_Flag and orentation_Y _flag, are the orientation of the robot around the X-axis and the
Y-axis respectively. Orientation X indicates the inclination of the robot to the front or the back.
Orientation Y indicates the inclination of the robot to one of its sides. Orientation X and Y values are
binary encoded into 8 bits.

Feet X flag, is a flag to indicate the side distance between the 2 feet of the robot. The separation
between the 2 feet is encoded into 4-bit binary number. With the max separation is 40 cm and the
minimum separation is 6 cm.

Feet_Y_flag, indicates which foot is in the front and the distance between the 2 feet. The feet y value is
encoded in 6 binary bits. l.e. if the feet y value is > 20 cm and the right foot is in the front then
feet_Y_flag=[1 00 00 Q] if the left foot was in the front then feet_Y_flag=[0100 0 0].
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1 Feet Z flag, indicates which foot is on the ground and which foot is not. It is encoded in 2 binary bit
numbers. l.e. if the right foot is on the ground and the left foot is above the ground then feet Z flag will be
wither 0 or 1 where 1 indicates that a foot is above the ground.

[8] Goal_counter_state, indicates how many iterations the robot managed to stay above the goal and
maintain its stable state. This number is encoded in 5 binary bits. Because the max number of iterations
the robot need to maintain above the goal is 20.

[9] Num_moves_state, is a counter that indicates how many iterations the robot took to reach a terminal
state also it is an indication for the time taken for the robot to reach the terminal state as each action take
0.1 second so maximum time for an episode is 0.1*500 iteration = 50 second. This number is encoded in
9 binary bits. Because the max number of iterations in our state is 500.

[10] Terminal_flag, is a 1-bit binary flag indicates weather the robot has reached a terminal state or not. The
terminal states are 3 states, first state is when robot reaches the goal, second when robot reaches the max
number of iterations allowed which is 500, and third state is when robot loses its balance and falling. In
any of these 3 states the terminal flag is sit to 1.

3.1.3 Reward function representation

The reward function gives the robot an insight of how much each action has been taken, was good or
bad which is the main idea behind the reinforcement learning algorithm. We are using some methods to judge
the result of each action taken by the robot [12] as shown in figure 3. Based on the time taken for the robot to
reach a terminal state, the distance between the robot and the goal, and the angle between the robot and the goal,
whether the robot reached the goal or not, whether the robot close his legs or not and whether the robot fall or
not. All rewards are weighted and summed then normalized so the maximum reward is 1 and the minimum
reward is -1.

Reward

Function

Score Time Score qoal Score angle Scorefeet | |Terminal Score

Fig. 3. Proposed model reward function

[1]. Score Time, is the time reward to identify how much time the robot needed to reach the goal. It starts
with a big value at the beginning and decays gradually over time which is the number of iterations till it
reaches zero at maximum number of iterations of 500 iteration per training episode. This gives the
robot the sense of time so he could reach the goal in a minimum number of iterations to maximize the
incoming reward.

[2]. Score goal, is the distance between the robot and the goal in meters. The robot needs to minimize the
distance to goal there for reaching the goal to maximize its incoming reward. We use equation (3) to
calculate the score goal and weight its score. Target_init is the initial distance to goal in the beginning
of the episode. Goal_dist is the calculated distance to goal from the simulator at each step. The constant
50 is the weight of this reward in the total reward.
score_goal = ((target_init - goal_dist) / target_init) * 50 3)

[3]. Score angle, is the angle away from goal in degrees the robot needs to orient himself towards the goal
so he could move towards the goal. We use equation (4) to identify the angle between the robot and the
goal. The constant 25 is the weight of this reward in the total reward.score_angle = ((360 -
angle_away from_goal value) / 360) * 25 ()]

[4]. Score feet, is the separation between the 2 feet. The robot has to keep his feet separated to keep his
balance and not to fall. The robot took - 0.1 (normalized reward) if he closed his legs.

[5]. Terminal flag, the robot reaches terminal state at 3 possibilities at each possibility he receives a
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different reward. The 3 states are reaching the goal, reaching the maximum number of iterations of 500
iterations per episode or falling on the ground. If he reached the goal the robot take a maximum
normalized reward of 1 else if he falls on the ground or he couldn’t reach the goal before the end of the
episode he receives a minimum normalized reward of -1. If he reached the goal at the end of the
episode he receives 1 reaching the goal reward override the maximum number of iteration reward. All
these reward are summed to 100 then normalized from -1 to 1.

3.1.4  Evaluation function representation:

We use an evaluation function to evaluate the robot behavior based on the average it gets in an
evaluation period of 10 episodes. The evaluation takes place every 20 thousand iterations to ensure there is a
change in the behavior. The evaluation function runs the robot learning for 10 episodes and average the score of
these 10 episodes then saves the neural network parameters that were responsible for this reward as the best
network. If there is a best network saved before the process compares the reward of the two networks, if the new
best network is higher in score it replaces the old best network. This allows us to have the best network if we
want to start leaning again from that state or if we want to run it as a standalone network to control the robot
dynamics.

3.1.5 Experience Replay
Experience Replay is a method we proposed with the DQN algorithm to make the learning more
efficient. The value of the experience replay is to handle the online learning algorithm which learns step by step
where each state represented by the steps and the actions the robot is executing. This makes each transition
correlated to the previous transitions which will lead the neural network to fail in generalizing and learning the
problem of humanoid walking. Experience replay offer a solution to this problem by saving the transitions in a
replay memory of like 1 million transition capacity then picking a mini batch from the replay memory with as
small number of random transitions i.e. 32 transitions. Each transition in the replay memory consists of the
current state, the action taken from that state, the reward received from that state and action pair and the next
state reached after performing that action i.e. {S(t), A(t), R(t), S(t+1)}.
The process goes as follows
e The robot starts to do random actions for the first 50 thousand iterations. We chose 50K based on our
testing to enable the robot to have enough time to explore the world around it.
e These random transitions are saved in the replay memory.
e The learning starts after these number of iteration we sample a mini batch of 32 random transition from the
replay memory to break the correlation.
e Feed that patch to the neural network to learn from it.
e Even after start learning transitions are still being saved into the replay memory replacing old transitions if
the replay got full.
o We keep repeating this process till the algorithm converges.

V.  System Design And Implementation

The proposed DQN algorithm pseudo code and the flowchart can be described as follows in figures 4
and 5. The pseudo code shows how the DQN algorithm repeats the iterations as long as robot not fall and starts
from state S(t) with random action A(t) and observes the new state S(t+1) and reward received R(t) to maximize
specific evaluation function Q(t). The main idea of our proposed system is that it learns to walk from only
exploring randomly by doing random actions then getting a reward based on that action, so we taught a neural
network how to walk to a goal in front of the robot that is 0.25 meters away using normal random exploration,
then we make another new generation that explores from the previous generation neural network by doing
feedforward and get the predicted best action from that learnt network and also keeping 1% random exploration.
This allows the new neural network to learn not from random actions but from a learnt network which makes the
task of the new generation easier and also allows the new generation to learn more things that the previous
generation couldn’t learn in other words every new generation is evolving above the previous generation. This
speeds up the learning process and increases the optimization and accuracy of the learning process to achieve the
goal/target quickly compared to other models in the literature. We will show in the testing section that we The
proposed DQN algorithm pseudo code and the flowchart can be described as follows in figures 4 and 5. The
pseudo code shows how the DQN algorithm repeats the iterations as long as robot not fall and starts from state
S(t) with random action A(t) and observes the new state S(t+1) and reward received R(t) to maximize specific
evaluation function Q(t). The main idea of our proposed system is that it learns to walk from only exploring
randomly by doing random actions then getting a reward based on that action, so we taught a neural network how
to walk to a goal in front of the robot that is 0.25 meters away using normal random exploration, then we make
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another new generation that explores from the previous generation neural network by doing feedforward and get
the predicted best action from that learnt network and also keeping 1% random exploration. This allows the new
neural network to learn not from random actions but from a learnt network which makes the task of the new
generation easier and also allows the new generation to learn more things that the previous generation couldn’t
learn in other words every new generation is evolving above the previous generation. This speeds up the learning
process and increases the optimization and accuracy of the learning process to achieve the goal/target quickly
compared to other models in the literature. We will show in the testing section that we managed to teach a
network to walk to goals on its side at angle 45 and on different distances from that network that only reached a
goal that is in front of it and on a distance of 0.25 meters.
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Fig.4. Proposed model flow chart Fig 5. Proposed model Pseudo code
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VI. System Testing

The following results are the testing results of the evolving generations and robot learning, where we
took the neural network parameters and thetas from the successful agent, and used it to teach the other agents
(neural networks) to walk so it could improve the behavior of the first agent. Instead of using random
exploration we explored from the network that learnt already by doing feed forward with the current state. Also,
we still have that 1% totally random to give it a chance to explore and ensure that it won’t over fit one solution.
This method let us teach the robot how to reach a goal on 1 meter from a network that only learnt to walk 0.25-
meter distance and 2 other goals on his sides at an angle of 45 degree and 1.4-meter distance. In each episode,
the algorithm pick one random goal for the robot reach. We tested this idea and the results were very good as the
robot managed to reach the 3 goals in an acceptable number of moves. Here we reached an average normalized
score (which is the total reward received at the end of each episode) of 0.5 over 7K episode. Also the increasing
in the g-values means that the algorithm is predicting a high discounted reward at the end of each episode as
shown in figure 6.
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Fig 6. Testing Results and error function from enhanced DQN learning algorithm

In the figure 7, the robot managed to rotate and reach the red goal with an average reward of 0.5 normalized
reward over 7K episode. At the same time, we were running the robot on 2 goals one in front of it and the other
behind it. We have done that by reversing the actions the robot does to walk forward and make him move
backward as his knee mechanism is symmetric on the 2 sides.
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The algorithm gives the robot one of the 2 goals to reach randomly where the robot differentiates between the 2
goals by the angle away from goal. The robot managed to reach both goals perfectly with an average score of
0.6 normalized reward after 7.5K episode as shown also in figure 8.
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Fig 8. Testing results for backward/forward goals

VII. Conclusions

Many robots currently designed to perform a specific function or dedicated for specific application that
limits its usability in different fields. In many cases robots use lots of motors to mimic the human gait which
results in a very short online time and enormous power consumption with a costly model. A need for innovating
more generic/broad robot that is able to learn from interactions with surrounding environment based on model-
free learning drives our proposed model. The uniqueness for the proposed model is not being limited to specific
application or domain but can learn and adapt to any domain of applications which makes it fit to perform a
wide variety of distinct tasks. Our proposed system outperforms other systems through using an under-actuated
model with less motors as possible without impacting its functionality, this will dramatically lower the cost and
power consumption. And second it the ability to use the Deep Q-Learning algorithm that used in very limited
number of current models like ATLAS which is model-based while our approach is model free to enable the
robot to walk and balance without any pre-defined sequence of learning.
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Apendecies

Pseudocode for Deep Q-Learning as implemented in Playing Atari with Deep Reinforcement Learning

Algorithm 1 Deep Q-learning with Experience Replay

Initialize replay memory T to capacity N
Initialize action-value function ) with random weights
for episode = 1, M do

Initialise sequence s; = {z;} and preprocessed sequenced ¢ = ¢(s;)
for t = 1.7 do

With probability ¢ select a random action a,

otherwise select a; = max, * (¢(s;), a: 8)

Execute action a; in emulator and observe reward ry and image

Set 8441 = 8,4, Ty and preprocess @41 = @lsp41)

Store transition (gy. ag, 7y, 944 ) in D

Sample random minibatch of transitions (¢;. a;. 7. ¢+1) from D

Set y; = T . , for terminal ¢+,

I i+ ymaxy Qéi.a"tf)  for non-terminal ¢4

Perform a gradient descent step on (y; — (. a;: #)) according to equation 3

end for

end for

Samer I. Mohamed "Enhanced model-Free deep Q-Learning Based control." IOSR Journal of
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