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Abstract

Learning to control is a complicated process, yet humans seamlessly control vari-
ous complex movements. Motor theory suggests that humans start motor learning
by learning to act in a feedforward manner. However, it is still unclear how hu-
mans learn feedforward control strategies. We hypothesize that this mechanism
is governed by the criterion of success (reinforcement) or failure (penalty) of the
task. Taking this for inspiration, we investigate how we can learn a feedforward
controller utilizing reinforcement learning. Additionally, we investigate how the
factors such as the difficulty of the task and noise present in the motor system are
related to human motor control.

Hence, a one-dimensional muscle-based biomechanical model is built to create
a reaching task setup. The model contains an actuator controlled by the antago-
nistic and agonistic muscle pair and a goal or target to reach. Then, an end-to-end
reinforcement-learning-based feedforward controller is learned to estimate control
signals while taking the difficulty levels of a reaching task and noise levels into
account. To design the learning-based controller, we adapted the model-free RL
algorithm “Soft Actor-Critic”.

As aresult, during training, we observed that the SAC-based feedforward con-
troller has learned to prepare co-activation to reach a target in the kinematic space
using a minimum number of controller predictions. Moreover, we found that the
controller has learned to estimate high-amplitude muscle activations as a way to
adapt to the noise levels in the motor system. Finally, we conducted information
analysis similar to Fitts’ analysis to determine how the difficulty of the task and
noise affected the controller. The effect of the task’s difficulty and the noise in the

system is determined by finding the relationship between the number of controller
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predictions, task difficulty, and the amount of noise. Our analysis demonstrates
that the number of controller predictions increases exponentially with the increase
in the difficulty of the task with the amount of noise kept constant. A linear re-
lationship exists between the number of controller predictions and the amount of
noise with ID kept constant. Additionally, we found that the effect of target width

is more dominant than the distance, which confirms Welford’s observation.
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Lay Summary

With practice, humans learn to generate complex movements. Consider the darts
game scenario where the player needs to learn to generate a pre-planned movement
before throwing the dart. This pre-planning is called feedforward control. Based
on the scores (rewards) associated with throwing darts, a player can improve his
feedforward control strategy that helps him win the game. It is called reinforcement
learning, and it helps humans learn to calculate feedforward movements. Hence,
we investigate how machines can learn feedforward control movements based on
reinforcement. Additionally, we investigate the factors that affect the feedforward
control strategy in the learning process. To achieve this, we built a reinforcement
learning-based controller deployed onto a muscle-based reaching task where the
difficulty and the amount of noise are varied. As a result, we successfully taught
the system to compute the necessary feedforward movements to complete the target

reaching task.
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Chapter 1

Introduction

Human motor control is a complicated process involving the brain, limbs, mus-
cles and interacting with the external world. Learning to control movements is
an incredibly challenging problem. In this work, we deal with the problem of
motor learning. The first step in learning is to predict pre-programmed motor com-
mands [48] that generate rapid movements. The strategy of pre-programming the
motor command is generally known as feedforward (open-loop or ballistic) con-
trol, and it is crucial in the motor learning mechanism. A simple example where the
importance of a feedforward control strategy can be explained is the darts game as
shown in Figure 1.1. In a darts game, the player needs to throw the dart and hit the
board by preparing a movement in advance. With practice, players can learn to be
skillful at calculating the pre-programmed motor commands that help the player
win the game. However, it is not obvious how we learn the feedforward control
strategy.

One of the plausible approaches to solve the aforementioned problem is to use
reinforcement learning (RL) theory as it plays a potential role in learning motor
control strategies [21]. RL theory suggests that various motor control strategies
are learned by mapping the actions to the consequent rewards and penalties [23].
So, in the darts game analogy, the player can learn the best strategy by mapping
actions to the score he receives. A high score acts as the reinforcement, whereas a
low score acts as a penalty. The player uses the score as reinforcement to optimize

his actions.



Figure 1.1: Darts board game illustration. A classic example of a feedforward
control strategy where the scoring of the game acts as the reinforcement.

Based on mapping actions to consequent rewards and penalties, humans opti-
mize or reinforce their motor control strategy. Similar to darts game, humans have
to learn to control various motor tasks such as articulatory tasks, target reaching
tasks, and many more, and it is possible to learn solely based on a reinforcement
signal that informs whether the task is a success or not (low-information) [6, 23].
Therefore, in this work, we investigate this question by enabling machines to learn

to control movements in a feedforward mode based on low-information reinforce-



ment learning. Recent advances in reinforcement learning have shown promising
performance in learning complex motor skills [52]. Taking advantage of these ad-
vancements, we aim to learn a controller that acts in feedforward mode by utilizing

an advanced reinforcement learning technique called Soft Actor-Critic.

1.1 Motivation: Learning to speak using reinforcement

reinforcement signal

Listener

Muscles &
Articulators Ears

y |
- 9
[ N
| =~
,\r | Facial
s Expressions
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%0/9@:"% Body Eyes
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690‘9% \
% 0 -
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Figure 1.2: Dynamics of the communication chain system between two per-
sons, the speaker and the listener. The controller (brain) of the
speaker produces muscle activations that moves the articulators pro-
ducing speech and the listener processes the information to provide a
response signal whether he/she understood or not.

Speech production is fundamentally a motor control process involving articu-



latory movements brought about by a well-co-ordinated synergy of muscle exci-
tations. In the context of neural control of speech production, the main question
we have about speech production is how humans learn to perform motor control
of speaking [55]. It is unclear what kind of learning mechanism humans use to
produce speech. We hypothesize that learning to produce speech is driven by re-
inforcement learning and it can be better explained by looking at the Brain-To-
Speech (B2S) mechanism. Figure 1.2 describes the dynamics of the Brain-To-
Speech mechanism. In the B2S framework, a speaker communicates the thoughts
originated from the brain (controller) in the form of speech. The listener receives
the speech information, processes it, and provides a response or acknowledgment
of whether the message was understood or not. This response or acknowledg-
ment acts as a reinforcement signal for the speaker to continue the conversation. If
the listener does not understand, then the speaker adjusts his motor control strategy
based on the reinforcement [101]. Though it is impoverished, it is the driving factor
of learning speech as the listener would never provide feedback that the speaker’s
articulators are not in the correct position. Hence, the primary source of learning
available in this mechanism is reinforcement. Moreover, the controller can utilize
all other sources of feedback to improve the reinforcement signal, i.e., the listener
can understand the speaker better.

Further, this reinforcement signal can also inform how hard the speech move-
ment task is. When the listener understands the speaker, it is analogous to an easier
task. So, the better the listener understands the speaker, the less precise speaker
has to be on their targets. If the listener can not understand the speaker, the speaker
readjusts his speech motor control strategy resulting in careful and precise artic-
ulation. So, reinforcement signal coming from the listener drives the learning of
speech motor control strategies. Hence, we are interested to understand how people
learn to control speech utilizing a reinforcement signal. However, speech is highly
complicated, involving multiple pathways connecting the brain to articulators, and
it is incredibly challenging to learn speech motor control. As speech motor con-
trol is fundamentally a motor control problem, we simplify the problem space by
looking at how people learn to control movements in a reaching task paradigm.
Though speaking and reaching are different tasks, they share the same sensory

goals [39]. Moreover, articulatory movements involve reaching various kinematic
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targets in the articulatory space. Therefore, learning a reaching task based on the
low-information reinforcement signal is a critical step and eventually helps us to
learn articulatory tasks. Therefore, in this work, as a first step, we learn a reaching

task using a reinforcement learning strategy.

1.2 Strategies for learning to control movements

To learn motor control, it is important to look at how humans learned to control
movements which can be helpful in providing insights into building learning-based
models. Humans, during the initial phase of learning, bootstrap the learning pro-
cess by execution of slow movements using sensory feedback (closed-loop) as pre-
programmed ballistic movements are not learned yet [48]. With practice, humans
learn to predict a pre-programmed motor command that makes the hands or actu-
ators cover a greater amount of the movement [48]. Once this is learned, humans
can pre-program required movements in a feedforward (open-loop) mode given the
task and world information which allows humans to solve motor control tasks in a
short period of time. However, it is important to note that it is not always possible to
solve complex motor tasks with pure feedforward control. In some cases, feedback
control is helpful, particularly when there is a high demand for accuracy. When the
feedforward command brings the hand near to the target object, a small corrective
movement is generated using feedback (closed-loop) mode, thereby successfully
reaching high accurate targets.

In general, there are mainly three types of learning mechanisms possible [10,
41, 64, 72]. One strategy is to learn pure feedforward control to generate rapid and
ballistic movements. Another is to use pure feedback control to generate slow and
corrective movements. The third strategy is a hybrid approach that combines both
feedforward and feedback strategies and switches smoothly between feedforward
and feedback. Learning a pure feedforward control mechanism results in ballistic
controllers, whereas purely feedback control results in corrective or servo strategies
such as proportional-integrative-derivative (PID) controllers. Focusing on learning
corrective controllers can not produce relatively fast movements as the feedback-
based controllers are inherently time-intensive [37]. On the other hand, learning

a pure feedforward controller can generate relatively rapid movements. Then the



same control strategy can be used as a proxy for generating corrective movements.
This avoids the need for learning both the ballistic and corrective control strategy
while achieving the hybrid nature of the movement control. This way, the controller
generates both ballistic and corrective movements.

It is important to note that we consider a simplified hybrid control strategy in
this work. Generally, the hybrid control strategy allows humans to switch quickly
between feedforward and feedback strategies [45]. Since modeling the switching
ability is challenging, we do not consider the switching ability. Rather, the con-
troller waits for the actuator to attain equilibrium which helps to assess the result
of the previous ballistic prediction. Hence, the controller used in this work can
also be referred to as a feedforward equilibrium controller. Another crucial as-
pect is minimizing the number of ballistic predictions (n). As the n increases, the
number of interactions with the real world or environment also increases, which
can cost more resources and time. Therefore, we learn a feedforward equilibrium
controller where we optimize the controller based on the reinforcement signal that
puts pressure to learn to predict motor commands using a minimum number of

predictions that helps the actuator to reach the target in the real world.

1.3 Factors influencing motor learning

In the previous section, we discussed that humans learned a hybrid or dual model
of control. Moreover, the hybrid model allows humans to switch between the feed-
forward and feedback control depending on the context [45]. This idea is further
supported by Woodworth’s and Fitts’ study [28, 98]. Now, the obvious question is,
what are the parameters that govern the type of control to be used? Fitts explained
this phenomenon that the difficulty of the task could force humans to use both feed-
forward and feedback control. In a separate study, Van Beers et al. illustrated that
humans learn motor control by taking the properties of noise into account [92].
Hence, it can be understood that the difficulty of the task and the noise present in
the motor (neuro-motor noise) system can affect the learning strategies. Hence, we
additionally investigate how the difficulty of the task and neuro-motor noise can

affect motor learning.
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Figure 1.3: Human operator performing a reciprocal tapping task by sens-
ing the task parameters distance between the targets A and width W.
Depending on A & W, the control strategy is decided. This figure is
adapted from [76].



1.3.1 Difficulty of the task

Fitts’ proposed that the difficulty of the task drives the humans to decide on the
appropriate control strategy and provided a metric to measure the difficulty of the
task (ID) as given in Equation 1.1 using a reciprocal tapping task (see Figure 1.3).
It suggests that a single ballistic prediction in feedforward control mode would be
sufficient to reach bigger and near targets (easy). As the demand for accuracy (far
and smaller targets) increases, humans would require to generate more corrective
movements using feedback control [28, 43, 98]. As a result, the time taken to reach
the target (movement time) increases as the difficulty of the task increases. This
way, the humans demonstrate a different type of control strategy depending on the
difficulty of the task.

ID = log, (%) (1.1)

Similarly, when a controller is learned and the task’s difficulty is varied, the
number of controller’s predictions is expected to increase as it is observed in hu-
mans. Therefore, like Fitts’ task, we vary the tasks difficulty and utilize the Fitts’
ID as a way to measure the difficulty of the reaching task as given in Equation 1.1.
During the training phase of the controller, we vary the task parameters such as the
target distance and width from trial to trial to vary the task’s difficulty. Once the al-
gorithm has learned a feedforward control strategy to reach targets by minimizing
the number of predictions, we must observe an increase in the number of controller

predictions in the case of small targets (required accuracy is high).

1.3.2 Neuro-motor noise

Another factor that plays a crucial role in motor learning is the noise present in the
neuro-motor pathways. Hence, we hypothesize that the noise in the motor system
can alter the task’s difficulty similar to the amplitude of movements and target
width [77]. Moreover, motor control theories have proposed that the brain is a
stochastically optimized controller [33]. It means that the brain takes the statistics
of the noise into account while it executes movements. Due to these reasons, it is
reasonable to learn a controller in the presence of noise to investigate its effect on

the movements.
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Figure 1.4: Typical neuro-motor control process describing various stage in-
volved in the human motor system and various noise source present at
different stages in the motor process.

There can be multiple sources of noise in the human motor system [73]. Essen-
tially, noise can enter the system at all stages shown in Figure 1.4 and the system
needs to learn to deal with noise. So, we model specific features of the noise,

such as the controller noise and the activation noise in this work. Schmidt et al.



proposed that the output of the human muscular system is contaminated by noise
which affects movements [77] in a similar way the distance and the target width ef-
fects. Therefore, we train our controller in the presence of a particular noise called
muscle activation noise. Additionally, we model another type of noise called the
controller noise as there can be noise in the motor commands of the controller [73]
(refer section 3.2.3 in chapter 3 for more details on the noise used in this work).
Overall, it can be established that the difficulty of the task modifies the behavior or
the control strategy of the learned controller, and it would help us get a deeper un-
derstanding of what the controller has learned. Hence, we investigate the behavior
of the learned ballistic controller to determine whether the controller has learned
to tradeoff the number of controller predictions when the difficulty of the task and
muscle activation noise levels are high.

To summarize the controller’s strategy, we can take the help of the golf game
analogy. In golf, first, the player prepares a calculated (pre-programmed) drive
(prediction) to hit the ball while considering the wind and other factors. Then the
player waits for the ball to stop at a point in the field (waiting for equilibrium). If
the initial drive did not put the ball in the hole, the player re-assess the situation
and calculates a new prediction if necessary provided the new position of the ball
in the field. This continues till the ball is in the hole. However, the player wins if
he takes a minimum number of turns or chances. Similarly, our controller prepares
muscle activations, driving the actuator towards the target. The controller waits for
the actuator to attain equilibrium. If the noise levels (wind in golf analogy) and the
difficulty of the task are considerably high, then the actuator attains equilibrium
at a different position from that of the target. Then, the controller re-assess the
state of the world and calculates another prediction. However, as the number of
predictions increases, the cumulative reward decreases, which puts pressure on the

agent to learn using a minimum number of predictions.

1.4 Deep Reinforcement Learning

Till now, we discussed the details and methods involved in learning motor con-
trol and established a connection between reinforcement learning and motor con-

trol. Then, we proposed that reinforcement learning drives the learning in motor

10



control and speech motor control. This statement is further supported by various
experimental studies in the neuroscience domain. These studies suggest that each
learning paradigm is neurally correlated to distinct regimes of the human brain.
For example, the cerebellum is responsible for supervised learning, the basal gan-
glia for reinforcement learning, and the cerebral cortex for unsupervised learn-
ing [21, 22, 40]. Basal ganglia are a group of subcortical nuclei responsible for
action-selection, movement execution, and control, motor behaviors, and play a
significant role in reward, reinforcement, and habit development process [18, 21,
71, 99]. Moreover, recent neurophysiological studies demonstrate that basal gan-
glia coupled with cortical integrators forming a cortico-basal ganglia circuit are
responsible for learning motor control and its principles such as speed-accuracy
tradeoff (SAT). Mainly, four theories emerged to explain how each component
of the brain modulates the SAT mechanism [12]. One of the four theories is the
“Synaptic” theory which was introduced for tasks in which participants need to
find the right balance between speed and accuracy that optimizes reward rate [30].
The synaptic theory was motivated by reinforcement—learning strategies that sug-
gest that corticostriatal synapses are modified during learning processes aiming
at reward maximization [23]. Most of the model-free RL algorithms objective is
to determine the actions that result in the maximum reward. Hence, utilizing an
algorithm from the family of model-free RL strategies is a reasonable choice for

learning a feedforward or ballistic controller.

1.5 Research Questions

To the best of our knowledge, there is no method available in the literature that
explains how humans learn feedforward control strategy based on reinforcement
while taking the muscle activation noise and difficulty levels of the task into ac-
count. Hence, we raise the following research questions with the objective of learn-
ing a feedforward controller under different difficulty levels and muscle activa-
tion noise environment configurations utilizing the DeepRL algorithm Soft Actor-

Critic:

* What are the adaptations required for a Soft Actor-Critic (reinforce-
ment learning) algorithm to learn a feedforward controller?
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Once the SAC algorithm has learned the feedforward control strategy, then we
move on to investigate the controller’s performance by varying factors such as task

difficulty and noise levels. Therefore, we raise another question:

* What is the relationship between the index of difficulty and the num-
ber of ballistic predictions made by the learned Soft Actor-Critic based

feedforward controller in the reaching task?

Solving these questions can provide us insights into motor control and learning
process that occur in humans while leading to solutions for the above research

questions.

1.6 Contributions

The vital contributions of this work are the adaptations introduced to the SAC ar-
chitecture to learn a ballistic equilibrium controller successfully. Each adaptation

is a contributive factor in learning a ballistic equilibrium controller:

C1: Terminal reward-based ballistic equilibrium controller in a noisy world:
We employed the scalar terminal reward structure to address the first research
question and introduced actuator and controller noise configurations into the 1D
point-to-point biomechanical model. This reward helped the SAC to adapt to the
random noise configurations by learning ballistic equilibrium controller behavior
in a reaching task setup. In a no-noise condition, we observed that the controller
reached the target with only a single prediction irrespective of the ID. On the other
hand, with the noise present in the system, the controller ascertained that boosting
the magnitude levels of muscle activations can negate the effect of noise to reach
equilibrium. It led to learning optimal behavior of a ballistic equilibrium controller,

which is a crucial component of the the human motor control framework.

C2: Exponential nature of ID vs. controller predictions curve:
We conducted information analysis to determine the relationship between the ID
and the number of controller predictions. We found that the number of controller

predictions increased as the ID increased for both the activation and controller
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noise configurations. However, the relationship between the number of controller
predictions and the Index of Difficulty was found to be exponential. Moreover, we
found that the effect of width is more dominant than the effect of distance, which
corroborates Welford’s observation. Additionally, it also suggests that the ratio of
ID and number of predictions is not constant but exponentially increasing with the

increase in ID in the reaching task.

Overall, all these adaptations unified together resulted in learning a ballistic equi-
librium controller that acted in feedforward mode with SAC architecture and helped

us determine the controller behavior under muscle activation noise configuration.

1.7 Summary

To summarize, first, we discussed the motivation of this thesis which arises from
the question of how humans learn to control speech? Then, we simplified the prob-
lem space from a speech task to a simple control task such as the reaching task. Fur-
ther, we hypothesized and provided the rationale that reinforcement learning is a
possible approach to learning movement control tasks. Additionally, we discussed
various learning strategies for motor control and provided a rationale for looking at
feedforward control as the first step of learning and the reasoning behind choosing
the reinforcement learning approach. Finally, we formulated research questions

and explained the contributions that came from this research.

1.8 Thesis Outline

The first chapter provides a detailed introduction, the motivation behind this re-
search, the research questions that drive this work, and the contributions. Chapter
two provides a fundamental understanding of the theory of motor control and the
related work. Chapter three details the specifics of the biomechanical system and
the RL-architecture utilized to learn the feedforward controller. The fourth chap-
ter discusses the results and an in-detail analysis of the learned model. Also, the
learning performance of the algorithm was depicted under various experimental
conditions. The final chapter details the conclusion, limitations, possible future

directions that can take this research further, and the concluding remarks.
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Chapter 2

Background and Related Work

The main research objective of this work is to learn a ballistic equilibrium con-
troller that estimates muscle activations required to reach variable width and dis-
tant targets present in the kinematic space under muscle activation noise configura-
tion. To achieve this, we use a muscle-based reaching task setup where a ballistic
controller is learned to compute muscle activations required to reach targets. Fun-
damentally, learning a controller to generate movements via computing muscle ac-
tivations is a classic computational motor control problem. Therefore, this chapter
first discusses background details of computational motor control and the tools to
deal with a motor control problem. Then, we end this chapter by discussing some

of the existing methods to solve motor control problems.

2.1 Computational Motor Control

Motor control theory deals with building computational models that explain vari-
ous motor control processes that occur in humans [45, 46]. Generally, this process
involves various stages as shown in Figure 2.1. The first step involves perceiv-
ing the world’s information via various sensory organs such as visual, audio to
determine the objective or goal of the task. Then, the brain transforms the col-
lected sensory information into neural signals to estimate a pre-programmed motor
command. This motor command is usually muscle activations or joint activations,

which eventually actuates hands, limbs, or body to complete the goal of the task.
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Figure 2.1: Multiple stages involved in the motor control system. This image
is adapted from [45].

Additionally, there is a feedback pathway that helps in generating corrective move-
ments. Typically, the feedback is in the form of an error signal using which the
motor learning occurs [47]. Similarly, we built a computational model for our
muscle-based ballistic equilibrium controller with some adjustments.

In our computational model, the sensory information includes the position of
the target in the kinematic space, width of the target. Given the sensory infor-
mation, the deep neural network (brain or controller) prepares muscle activations.

These muscle activations actuate the body or limbs to generate kinematics or move-
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Figure 2.2: Motor planning steps involved in learning the ballistic equilib-
rium controller. This image is adapted from [45].

ments. A significant difference is that our computational model gets the feedback
in the form of reinforcement as illustrated in 2.2. It is argued that reinforcement
is the most evident and evaluative feedback for humans in learning motor control
[7]. Hence, we use reinforcement to learn a feedforward controller, which is the

main research question in this work.

2.1.1 Estimating Muscle Activations

One of the significant aspects in motor control is to estimate muscle activations [8,
9, 14, 16, 20, 89]. Likewise, our computational model for learning a feedforward
controller also involves the step of computing muscle activations. There are mainly
three categories of methods that are available in the literature to compute the mus-

cle activations.
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One, muscle activations can be measured directly using a clinical procedure
called electromyography (EMG) [38]. There are two modalities known as intra-
muscular electromyography i(EMG) and surface electromyography (SEMG) to de-
tect and measure the electric activity produced from the muscle fibers. iEMG re-
quires the insertion of thin electrode needles into the participants’ skin to record the
muscles’ electrical activity [38]. It is an invasive procedure and is known to cause
discomfort for the participants. SEMG measures the electric activity by planting
the surface electrodes on the skin, and it is the most feasible method [38]. How-
ever, these procedures can be unreliable due to multiple reasons. These methods
are highly susceptible to noise caused by mechanical artifacts and interference of
other muscle activities [25]. Thereby, it introduces the need to eliminate the noise
from the data collected. Further, it is impossible to record the electrical activity of
the muscles located very deep as the muscles are hard to access.

Second, traditional optimal control methods can also be utilized to solve mo-
tor control problem that deals with computing muscle excitations [45, 90]. Many
methods emerged based on feedforward and feedback control to estimate mus-
cle activations. Kawato et al. proposed a pure feedforward control strategy that
solves a reaching task by computing muscle activations to generate movements in
a robotic arm (approximated model of human arm) [49]. Since pure-feedforward
can not accommodate visual feedback, the author observed degradation in accu-
racy. On the other hand, pure-feedback control such as Proportional, derivative,
and integral (PID) controllers without the feedforward control is not sufficient for
generating relatively fast movements [37]. Hence, many works utilized a hybrid ap-
proach that combines both feedforward and feedback strategies to estimate muscle
excitations [10, 37] and successfully learned to control musculoskeletal systems.
Though these works deal with learning motor control, we believe that a vital aspect
observed in humans, i.e., reinforcement, is missing. However, we consider rein-
forcement learning and use the reinforcement signal to drive the learning process
to control movements in our work.

Besides optimal control methods, computational biomechanics can also be
used to solve muscle excitations. Computational biomechanics is considered to
a limited extent as one of the few possibilities to understand and estimate muscu-

lar activation patterns of humans [24]. Calculating muscle activations given the
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kinematics is known as the inverse dynamics problem in biomechanical model-
ing. A handful of studies have been conducted to solve the inverse problem via
computational biomechanical solutions [84, 88]. The inverse dynamics problem
can be considered an optimization problem for which numerical solvers were uti-
lized to solve. These solvers have either a static or dynamic viewpoint to the op-
timization problem. In the static optimization method, the objective is to solve an
objective function for estimating the muscle activations at each timestep, which
drives the agent through the desired trajectory [66]. It has been a widely accepted
approach for estimating muscle activations due to its simplicity and low computa-
tional costs [68, 80, 88]. Dynamic optimization methods’ objective is to optimize
an integral cost function by considering muscle forces, joint torques, and other
performance measurements, as time-dependent variables [4, 5]. These methods
require relatively higher computational power compared to the static optimization
methods. More importantly, any inverse dynamics solution inherently relies on the
availability of motion trajectories as inputs; however, kinematics are not easy to
obtain from human and animal subjects and are susceptible to sensor noise. Even
though these methods help solve the inverse problem, they solve a well-formulated
optimization function to compute muscle excitations and forces rather than learn-
ing to solve it. However, our research problem needs a learning mechanism that
can estimate muscle activations. As we established in the chapter 1, reinforcement
learning is the driving factor in learning the motor control process. That is why we

adopted the RL strategy to learn to compute muscle activations.

2.1.2 Biomechanical Simulation

Biomechanics simulation is a powerful tool in simulating the dynamics of vari-
ous biological processes [85]. Biomechanical simulation can be used to carefully
control the dynamics and environment to study how learning mechanisms respond
to changes. Additionally, it can help determine the muscles’ mechanical proper-
ties, such as variation of the tension with length and velocity, muscle activations
that are difficult to measure. More importantly, biomechanically driven simulated
frameworks can also offer a rich framework to automate the learning processes of

motor tasks [1, 52, 91], which allowed researchers to conduct various studies re-

18



lating to motor control. Hence, in this work, we take advantage of biomechanical
simulation by designing a muscle model that can assist us in performing complex

investigations in the muscle space and kinematic space.

2.2 Motor Control Laws

Many studies were conducted to explain the motor control and learning processes
in humans [27, 98]. First, a study was conducted by Woodworth that explained
how humans generate aiming movements. Followed by Woodworth’s study, Fitts
has laid the foundation in this domain with his pioneering work. Later, many im-
provements to Fitts’ study have been proposed, such as Welford’s law [95]. All
these works formulated a metric for the difficulty of the task called the index of

difficulty (ID), which affects the movement time in humans.

2.2.1 Woodworth’s Law
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Figure 2.3: Human operator producing ballistic and corrective movements
with a phase controller mechanism.

The first substantial study relating to determining the relationship between
speed and accuracy was conducted by R.S. Woodworth. In 1899, Woodworth con-
ducted a series of experiments to interpret the processes underlying the control of

goal-directed movements [98]. While encompassing many aspects of neuro-motor
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control, his work also focused on identifying the parameters responsible for the re-
lation between speed and accuracy of goal-directed arm movements. Woodworth’s
experiments required the participants to make reciprocal (back & forth) horizontal
sliding movements with a pencil over the paper’s surface. He proposed that goal-
directed movements mainly have two types of phases. The movement starts with
an initial impulse phase followed by a current control phase. The initial impulse
phase results in ballistic movements, and the current control phase results in cor-
rective movements to correct any spatial errors. This behavior can be interpreted
differently. There is no requirement of corrective movements for the easier tasks,
whereas, in the case of difficult tasks, corrective movements are essential.
Moreover, humans can transition from the ballistic phase to the corrective
phase while performing targeted movements. Once the ballistic trajectory is un-
derway, the current control phase continuously estimates spatial errors to correct
using visual feedback to reach a target. When the initial movement results in over-
shooting or undershooting the target, the brain instantaneously switches to correc-
tive mode to reach the target. This is the reason behind the smooth and continuous
nature of human movements. However, it is possible to model and learn to reach
the target with only the ballistic phase. Once the agent learns an estimate of bal-
listic trajectory, the agent can continue updating it until it reaches the target. This
approach is simpler in terms of modeling. Therefore, we only learn a feedforward

controller that can solve reaching tasks.

2.2.2 Fitts’ Law

After Woodworth’s law, another groundbreaking motor control called Fitts’ law
was introduced to study SAT in humans. Fitts designed a serial tapping task where
a human operator is supposed to tap a handheld stylus alternately between two
target plates as rapidly as possible for a predetermined duration. The two targets
are rectangular and oriented as shown in Figure 2.4. As part of his experimen-
tal paradigm, he presented various target configurations to the human operator by
changing the target amplitude and width. He proposed that varying the target am-
plitude and target width can make the task easy or difficult. Based on this idea, he
formulated a difficulty metric known as Index of Difficulty (ID) that informs how
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Figure 2.4: Fitts’ original paradigm: serial tapping task.

difficult a task can be. The ID of the task is given by the formula 2.1, where ID is
the index of difficulty, A is the target amplitude, W is the width of the target. The
units of the ID are measured in bits.

ID = log, (%) @.1)

Fitts collected the data from various users by presenting tasks with various dif-
ficulty levels and recorded their performance in terms of movement time (measured
in seconds). Using the collected data, he performed linear regression analysis to
determine the relationship between the movement time and the ID as shown in
figure 2.5. The regression analysis determined that movement time has a linear
relationship with the ID as given by the equation 2.2, where MT is the movement
time, a is the intercept of the regression line, and b is the slope of the regression

line.

24
MT =a+b*ID=a+blog, (W> 2.2)

Moreover, he interpreted that the slope of the “MT-ID” curve indicates the in-
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Figure 2.5: Variation of movement time with index of difficulty.

formation rate or throughput (measured in bits/sec) required to complete the task
as shown in the equation 2.3, where TP is the throughput, MT is the mean move-
ment time, and ID is the index of difficulty. Also, he observed that the TP remained
more or less constant, which means as the ID changes, the MT negates this change,
keeping the throughput constant. Further, it can also be interpreted that TP does

not depend on the movement amplitude (A) and target width (W), which constitutes
ID.

ID

TP=—— 2.3
T (2.3)
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Taking inspiration from Fitts’ analysis, we also vary the ID by modifying the
distance and target width in the training phase. Additionally, we also introduced

muscle activation noise in the training phase, which modifies the task’s ID.

2.2.3 Refinements To Fitts’ ID

Many refinements were introduced to improve Fitts’ law as there are caveats present
in the Fitts’ ID formulation. The main caveat is that the fitts’ ID is not leading to
satisfactory curve-fitting of the MT-ID data [94]. To improve the curve-fitting,
minor adjustments were introduced separately by Welford and Mackenzie to the
mathematical formulation of Fitts’ ID. Welford’s formulation is given by the equa-
tion 2.4.

ID = log, (% +0:5) 2.4)

Welford found that the slight adjustment of the ID formulation resulted in im-
provements in regression-line fit compared to Fitts’ ID. Moreover, Welford’s 1D
formulation provides improved rationale behind the index of difficulty. When A
becomes zero, i.e., the user is on the target, ID becomes infinite using the fitts’
index of difficulty, which suggests that the task is incredibly difficult. However, if
the user is on the target already, it means the target is acquired, and at that instant,
the difficulty of the task is almost zero. Welford’s law added an offset value of 0.5
that improved reasoning behind the index of difficulty. He also made a slight ad-
justment to the movement time equation as shown in the equation 2.5. He proposed
that the distance and the width have separate effects on the movement time, which
is the reason he separated the distance and width term in the MT formulation in
[95].

1
MT = a+ b log,(A)+ by logz(W) (2.5)

Taking the inspiration from Shannon’s information capacity theorem, Macken-
zie increased the target amplitude by a factor of W. Now, the ID becomes as given

by the equation 2.6
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ID = log, (AJFTW> — log, (% +1) (2.6)

This slight adjustment gave better curve fitting than Fitts” and Welford’s ID, demon-
strating the linear nature of the relationship between the index of difficulty and the
movement time. In addition, Mackenzie’s formulation of ID provides a better ex-
planation of the edge cases. For example, when the human operator has already
reached the target and need not perform any movements, the ratio % — 0 and the
ID — 0 as log, (1) is zero.

2.3 Two-Phase control model

Previously mentioned control laws have characterized the humans’ approach of
learning the motor control with the human in the loop [27, 28, 94]. However, there
is a fascinating question: how can we create an end-to-end learning model that
emulates the human motor learning process? The two-phase control model models
the motor learning process to some extent using a cascaded neural network model
using robotic arm reaching task.

This method is similar to the descriptive model of Woodworth as it also has
two components. As the computational model of the two-phase control model
shown in Figure 2.6, the mechanism of this method can be explained as follows:
First, task specification is where the objective or the goal of the task is specified.
It provides the parameter values specifying the movement time, target position,
and target size (i.e., required accuracy). These values are fed to the feedforward
controller (the cascade network) as inputs along with the visual information of
the target, which prepares a ballistic movement for the specified duration. The
specified duration is dependent on the visual information of the target location,
i.e., width and distance. This way, the network can easily understand that distance
and width are two independent parameters.

At the end of the ballistic phase, control is passed to the postural controller. The
postural controller is responsible for generating corrective movements after the bal-
listic movement. Corrective sub-movements arise as physical oscillations caused
by the mechanical properties of the musculoskeletal system. Oscillations are not

observed when the position of the hand at the end of the ballistic phase matches
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Figure 2.6: Two-phase control model for generating arm movements. This
figure is adapted from [37].

with the stationary posture commanded by the postural controller. Oscillations are
observed if the two positions differ or same, but the final velocity is non-zero (the
hand is not resting). The postural controller specifies the values for the oscillations
to converge. This method described why and how the passive oscillation due to
the viscoelastic properties of the musculoskeletal system makes movements more
accurate under conditions of visual feedback. The authors found that their cascade
model generated a planning time-accuracy tradeoff and a quasi-power-law type of
speed-accuracy tradeoff while performing hand movements.

This is the only approach available in the literature that uses neural networks
to learn to generate aimed arm movements via learning both the feedforward and

feedback control. One noticeable difference is that the generation of corrective
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movements in this work is different from our method. We recalculate the feed-
forward command, which acts as a proxy for corrective movements, whereas this
method uses a separate feedback controller to generate corrective movements. The
major difference is that we use the reinforcement approach, whereas this approach

is based on supervised learning.

2.4 Previous works in DeepRL for motor control

With the recent advances in deep learning and its integration into the RL frame-
work, outstanding solutions for control and decision-making problems were in-
troduced [62] Further, DeepRL has achieved considerable success in continuous
action spaces [32], extending its possibilities to learn complex motor control prob-
lems. Recent studies involved learning to predict joint angles and angular veloc-
ities. These studies primarily focused on arm [31, 44] and gait control [53, 69].
Few works have been carried out in the muscle-driven RL-based motion synthe-
sis [13, 42] as well. Besides, solving motor control tasks via predicting muscle
activations [2] and joint activations [15] has also been achieved using model-free
RL methods. Moreover, works like [1] and [53] helped the researchers to use
model-free DeepRL solutions in order to study and understand complex biome-
chanical environments. These efforts gained more traction after the “learning to
run” challenge of NeurIPS 2017, where multiple policy gradient-based controllers
were learned to generate gait patterns [53]. Surprisingly, all the solutions that suc-
cessfully solved this challenge are model-free RL algorithms, which demonstrate
the capability of these methods.

However, there are a few subtle differences from these works to our work. First,
despite the fact that neuro-motor noise plays a key role in motor learning [92], these
works did not consider noise. However, the human motor system has abundant
noise and learned motor control considering the properties of noise [92]. Another
difference is that we vary the target width along with the distance between the
targets because many behavioral studies demonstrate that the width of the target
also plays an important role in motor learning and behavior [27, 94]. Therefore,
we train our Soft Actor-Critic to learn the feedforward controller under muscle

activation noise configuration with varying difficulty levels of the task.
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2.5 Summary

In summary, this chapter gives the required background and overview of the re-
lated works in the motor control research domain and a detailed introduction to
Deep Reinforcement Learning. First, we presented the background details of the
computational motor control frameworks, significance, and challenges involved in
predicting muscle activations. Second, some of the descriptive control laws that
model and interpret the speed-accuracy trade-off principles are discussed. Finally,
introduction to reinforcement learning, Deep Reinforcement Learning, building

blocks of the core algorithm in our proposed methodology were elucidated.
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Chapter 3

SAC-Based Architecture To
Learn Ballistic Equilibrium
Controller For A Muscle-Based
Reaching Task

This chapter discusses the details of the SAC-based architecture designed to learn a
feedforward controller using a muscle-based reaching task under muscle activation
and controller noise environment configurations. To achieve this, we first design
a biomechanically driven muscle model that can be used to create a motor control
task, namely a reaching task that inherently has the muscle activation noise. Then,
we deploy a deep reinforcement learning algorithm known as Soft Actor-Critic that
can be trained to learn the reaching task via reinforcement under activation noise
configuration. For designing a reaching task experiment, we considered a point-to-

point muscle-based biomechanical model as shown in Figures 3.1, 3.2, 3.7.

3.1 Motivation behind the point-to-point model

This section discusses the motivation behind the muscle model that is used to de-
sign the reaching motor task and the choice of the algorithm to learn a feedforward

controller.
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Figure 3.1: Antagonistic-agonistic muscle based biomechanical model that
can generate 1D movements that are similar to the movements in the
Fitts’ task.

3.1.1 Why point-to-point model?

Fitts formulated a well-designed experimental paradigm where a human operator
can make horizontal movements to reach the targets. Additionally, he provided a
way to calculate the task’s difficulty depending on the amplitude of the horizontal
movements and the target width. Since our research questions also include deter-
mining the behavior of the learned controller, we designed a linear muscle-based
reaching task that is similar to Fitts’ task. The muscle-based model captures the
Fitts’ task’s intricacies well while keeping the task not so complicated, such as hu-
man pantograph arm models or other higher degree-of-freedom models. Though
our muscle model is simple, it still preserves the complexities of the reaching task
problem. Because to learn to reach targets, the learning algorithm needs to de-
termine the right amount of net excitation to co-activate the muscles to reach an
equilibrium state. There exists an infinite number of solutions to this problem (de-
gree of freedom problem) [33]. Choosing an appropriate co-activation from an

infinite number of solutions is challenging. On top of this, we also dynamically
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vary the difficulty of the task and muscle activation noise levels making the system
stochastic. Hence, it makes the reaching task even more challenging for the SAC

algorithm to learn.

3.1.2 Why SAC?

As mentioned earlier, we take the approach of reinforcement to solve our research
questions. In reinforcement learning, there exist different types of learning algo-
rithms. The one that is in our best interest is the family of model-free RL algorithms
because their objective is to determine the optimal policy through maximizing the
expected return (see Appendix, [3]), which is also observed in humans [23]. So,
the model-free learning algorithms are a suitable choice, and it is possible to learn
the task with any algorithm from the model-free family. For example, Abdi et al.
solved the reaching task problem using the normalized advantage function-based
Deep Q-network (DQN) algorithm [32]. In this work, we chose the soft actor-
critic algorithm for its sample efficiency and robustness to the hyper-parameter

tuning [35].

3.2 Experimental Paradigm

Now, we explain the experimental paradigm used in this work by discussing the
research objective, experimental hypothesis, independent variables in the experi-
ment, noise configurations used in the experiments, and apparatus used to execute

experiments.

3.2.1 Research objective

The objective of this experiment is two folded as discussed previously. First, learn-
ing a feedforward controller using SAC (reinforcement algorithm) under activation
noise configuration, and second, analyzing the behavior by looking at what the al-
gorithm has learned of the learned controller. Keeping these research objectives in
mind, we formulated this experimental framework to control the tasks’ difficulty

and noise levels.
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Figure 3.2: Experimental setup used for investigating the effect of ID and
noise on the motor control.

3.2.2 Experimental hypothesis

In a reaching task under various noise sources, the RL controller must act in purely
feedforward or ballistic mode to determine the desired co-activation to reach the
target by minimizing the number of feedforward or ballistic predictions based on
reinforcement signal. Then the agent should take a minimum number of ballistic
predictions to reach the targets with low ID and uncertainty (easy) and increase the

number of predictions as the ID and the noise in the system increases.

3.2.3 Independent variables

The variables modified in our experiments are the distance between the actuator
and target (A), target width (W), and the amount of uncertainty or activation noise
(o) present in the system. These parameters alter the task’s difficulty allowing the

agent to get exposed to targets with various difficulty levels during the training.
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Fitts has suggested that the distance between the targets and the target width de-
fines the task’s difficulty. Similarly, in our reaching task, the distance between the
actuator and the target and the target width as shown in Figure 3.2 governs the dif-
ficulty of the task. Thus, we use Fitts’ ID to calculate the difficulty of the task in

our experimental analysis.

Motor noise

Apart from the distance and the target width parameters, the noise present in the
human motor apparatus (motor noise) also affects the movements [77]. Many mo-
tor control theories suggest that the brain is a stochastic control system [33] that has
learned to generate movements by considering the properties of the noise. Noise
can exist at various levels in the motor system. For example, there exists a random
noise in the muscular model [77] and the motor commands or outputs of the con-
troller [73]. As it is difficult to consider every noise source, we chose two kinds of
noise sources in this work. One is the activation noise, and the second one is the

controller noise.

‘Activation
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Muscular
system
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¥

Sensory Feedforward
Information controller

Reinforcement

Figure 3.3: Simplified representation of a generic motor control system with
activation noise highlighted.

Activation noise: Activation noise is the noise present in the muscular system
as shown in Figure 3.3. This type of noise can be modeled by continuously co-
activating the muscles with random activations at every simulation step. It is inde-

pendent of the controller noise, and it can be interpreted as the tremors observed
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in motor diseases such as Parkinson’s disease. People affected with motor control
disorders can experience tremors or continuous shaking in their hand movements,
making it difficult to have steady hands. Similarly, the actuator continuously oscil-
lates due to the activation noise, hindering the actuator from getting to the equilib-
rium point. Therefore, if the activation noise is high in the system and the target is

far and small, the actuator can never get to equilibrium leading to the failure of the

task.
Controller
noise
Sensory Feedforward |\ Muscular T m | ( -
Information controller system L J l Envir

N

Reinforcement

Figure 3.4: Simplified representation of a generic motor control system with
controller noise highlighted.

Controller noise: The controller noise configuration is defined as noise present
in the motor commands (muscle activations) predicted by the controller as shown
in 3.4. So, when the controller predicts the co-activation, the prediction gets con-
taminated by the noise. The controller noise can be interpreted as the noise that
comes from the gap between what the brain or controller predicts and the actual
signal that goes to the muscles. If the noise levels are high and the target width
is far and small, the actuator might never reach the target leading to the failure of
the task. This way, the difficulty of the task is modified by varying the level of
uncertainty in the system. Since the controller noise is random, the controller gets
exposed to various levels of noise ranging from low to high during training, which
allows the agent to understand and consider the statistics of the noise while esti-
mating co-activation. In this work, a Gaussian random process is used to generate

random muscle activations which are added to the controller’s prediction.
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Effect of motor noise: When there is no noise in the system, the muscle sys-
tem becomes a deterministic system. The deterministic (noise-free) system can
be solved analytically without needing to leverage powerful DeepRL algorithms.
However, with noise, the system becomes stochastic, and it is not obvious how to
solve the problem analytically, yet the effect of noise on learning can be under-
stood to some extent provided the amount of uncertainty. However, as our object
is to learn to predict co-activation, we take the approach of RL. The controller’s
fundamental task is to determine the co-activation required to reach the target in
this learning problem. Assuming that there are no activation constraints such as
excitation regularization (i.e., low magnitude activations) embedded in the system,
the controller can choose co-activation with magnitude ranging from zero (low) to
one (high). But, low co-activation solutions are more susceptible to noise. When
the noise is added to the predicted low-magnitude co-activation, the total magni-
tude of the co-activation changes to a higher degree, resulting in more displacement
than the controller predicted. Hence, the likelihood of missing the target increases.
Then, the agent gets penalized for missing the target. This imparts pressure on the
agent to increase the magnitude levels of the co-activation as a way to negate the
effect of noise in the system.

Overall, similar to Fitts’ analysis, we vary the independent parameters: dis-
tance to the target, target width in our experiments. So, in our experiments, the
task’s difficulty varies depending on the values of A & W, as Fitts suggested. Ad-
ditionally, we consider another independent parameter in our experiments, termed
muscle activation noise (o), because we hypothesize that the muscle activation
noise also contributes to the task’s difficulty. It means near and bigger targets with
low activation noise in the system are the easiest. Farther and smaller targets with
high activation noise in the system are the most difficult to reach. So, during train-
ing, we vary A, W, and o parameters from episode to episode as the reinforcement
learning algorithms are trained in an episodic fashion [87] (see Appendix for more
details on the episode). This way, the agent gets exposed to various difficulty levels,

which creates pressure to explore various strategies to reach the target.
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3.2.4 Working mechanism of experiment

So far, we have discussed the working mechanism of each component of the archi-
tecture. Now, we discuss how all these components work together as a whole unit
in an experiment.

During the initial phase of an experiment, the actuator rests at origin as no
activations are coming from the controller. The controller (actor-network) starts
exploring the task space by predicting random activations to start the learning pro-
cess. For every prediction, corresponding observation (action, actuator position
A, target position ) will be collected and stored in the buffer. Meanwhile, the per-
ception process checks the success criteria and assigns a scalar reward or penalty
to every prediction made by the controller. Depending on the type of muscle acti-
vation noise, the noise gets added into the system.

At the end of each episode, the activations are set to zero, so; the actuator starts
from the origin at the beginning of the episode. Starting the actuator always from
the origin might give the impression of introducing a learning bias of reaching the
target only from the point of origin, i.e., it can not perform the reciprocal task.
However, there would not be such bias in the system as the agent learns to predict
the muscle activations provided any position of the actuator in the kinematics space
within a certain radius. This radius is a parameter to generate targets within the
prescribed range in the kinematic space during training. For example, if the radius
is set to 6 mm, the targets generated that are generated randomly will be within
the range —6 mm (negative sign indicates left direction) to 6 mm (right direction).
The following video showcases the controller performing the reciprocal task with
the controller noise configuration during the testing phase. However, the controller
was trained with the zero-excitation setting (forcing the controller to set to origin
after every episode). The controller is provided with a target at 4 mm, switching

alternatively from right to left, and the target width is configured to 0.3 mm.

3.2.5 Apparatus

The tools used for conducting our experiments include a platform-agnostic soft-
ware service called ArtiSynth-RL, a biomechanical modeling toolkit, ArtiSynth [57],
and a python-based deep learning library called “PyTorch” to implement SAC al-
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gorithm.
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Figure 3.5: Position profile of the critically damped of out point model given
a 0.5 net excitation covering a distance of 7 mm.

Applying co-activation to the muscles moves the actuator or mass object (blue
spherical object in Figure 3.7) to reach an equilibrium point in the kinematic space.
One muscle can exert opposing force to the other muscle, holding the actuator at
a specific point. Both ends of the muscles are fixed (grounded), whereas the other
ends are joined by a controller (object) as shown in Figure 3.7. The actuator gets
pulled when there is an external force or activation applied. Depending on the net
muscle excitation applied to the muscles, the actuator moves away or towards the
target. If the second muscle (Musclel) activation is higher than the first muscle

(Muscle0), the actuator gets pulled to the right as shown in Figure 3.7. Controller
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Figure 3.6: Velocity profile of the critically damped of our point model given
a 0.5 net excitation.

gets pulled to the left if the first muscle activation is higher than the second muscle.
A simple analogy that best explains the point model’s dynamics would be the tug of
war game where the two teams pull the rope from both ends. The team that exerts
more force can bring the other team over the boundary line, leading to the game’s
winning. Similarly, the actuator gets pulled in the direction of the high net force.
The point model is composed of linear muscles, i.e., the muscles in our model have
a linear relationship between the length and tension, as well as linear damping as
shown in Equation A.3. On the other hand, there are muscle models that have a
non-linear relationship between length and force [11, 61, 67]. Non-linear muscle
mechanics make the motor control problem at hand more challenging. So, we
utilize linear muscles to make the muscle mechanics simpler and the motor task

not too complicated. It is important to note that this simplification does not make
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the learning challenge easier. The system still has to determine a unique solution
among an infinite solution space. Additionally, it has to learn to counteract the
noise that hinders the actuator from reaching the target.

First, we discuss the details of the point-to-point model. The point model con-
stitutes an antagonist and agonist muscle pair as shown in Figure 3.7. Muscles
utilized in our model are designed to have a linear relationship between length and

tension as given in the equation A.3.

F(X,X) = (afmax + fpassivefmax)xl +dx 3.1

X—Xopt

where X’ is defined as X' = , Xopr 18 the optimum length of the muscle,

Xmax —Xopt
Xmax 18 the maximum length of the muscle, x is the displacement of the muscle, a is
the activation vector, fy,, is the maximum force, fjugsive 18 the proportion of fx

to apply as passive tension, x is the velocity, and d is the damping coefficient.

ACTUATOR
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‘J_._O_O

TARGET

moe[__ 0.000000| s
mie[ 0200000 == )—————

Figure 3.7: Two-muscle model setup.

Given the activations, the point model can generate the kinematics using the
forward dynamics model. The mechanical and muscle properties of the system are
given in the tables 3.1, 3.2 respectively and are kept constant within an experiment.

In other words, mechanical parameters will not be changed from episode to episode
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Table 3.1: Mechanical properties of the point-to-point model

Damping coefficient: d (Ns/mm) | Passive fraction | Mass of the controller (grams)

0.001 0.1 1

Table 3.2: Muscle properties of the Point-To-Point model

Muscle length (mm) | Maximum muscle length (mm) | Rest length (mm)
10 20 10

within an experiment, and these have the same effect on all the generated activa-
tions. An important point to note is that the system’s damping is set so that the
system is critically damped. As a result, there will not be any oscillations observed
in the system on the application of activations as shown in Figure 3.5 and 3.6. It
can be observed that, upon the net activation of 0.5, the actuator has generated a
displacement of 7 mm without any oscillations. Similarly, net activation of 0.5 has

produced a velocity profile without any oscillations given in Figure 3.6.

Effect of mechanical parameters Other than the ID, activation, and controller
noise, some factors can affect the movement of the actuator. Since we utilize a
biomechanical system where the system is composed of linear muscles, mechani-
cal parameters of the system can affect the movement behavior of the system. Most
of the biomechanical system’s functionality is governed by mechanical parameters
such as damping in the muscles, spring constant, damping coefficient, and the ac-
tuator’s mass, and so on. The parameter in our best interest is muscle damping, as
it is one of the critical factors that can play a major role in effecting movements.
Moreover, muscle damping determines the damping coefficient, which governs the
system behavior. Depending on the damping coefficient, the system can be char-
acterized as critically damped, under-damped, and over-damped. Among the three
cases, the under-damped case can be useful to generate high-speed movements to
reach a target. Because there is a time instance where the actuator hits the target
before the commencement of the oscillations. However, due to the oscillations
actuator can not reach the equilibrium as the system is unstable. But these oscilla-

tions can be stopped by an external component such as a postural controller whose
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task is to stop the actuator from oscillating [37]. In this work, for simplicity, we

consider only a critically damped system case at the moment.

ArtiSynth-RL platform

In order to create a DeepRL framework that bridges the biomechanical platform
and the DeepRL, a plugin based on Representative state transfer (REST) API was
developed. It facilitates the deployment of reinforcement learning-based motor
control strategies while interacting with biomechanical models in real-time. It is
a scalable server-client interface that enables many instances of ArtiSynth to run
in parallel for synchronous/asynchronous RL training. This plugin is interface-
friendly to any deep learning library that can be written in the Python programming
language. REST calls (i.e., GET, POST) were utilized to perform specific utility
commands such as reset the task, get action and state-space sizes, etc. (for more
details, see [1]). This work uses this platform to deploy the SAC algorithm unto
the point-to-point model to develop a feedforward control strategy.

3.3 Overview of the SAC-based architecture for learning
feedforward controller

In this section, we discuss the overall architecture and the building blocks of the
architecture shown in Figure 3.8. Then finally we explain how we learned a feed-
forward controller with the SAC algorithm.

As shown in Figure 3.8, the architecture consists of three major units or blocks:
An SAC-based neural network that is responsible for generating motor commands,
a muscular system (point-to-point muscle model) that takes input as motor com-
mands, and a simplified perception process that deals with feedback and reward.
We discuss each of these blocks individually to explain their tasks in the learning
or training process.

At any instance, single muscle activation is communicated to the point model.
The activations will cause the actuator to move from one position to another and
eventually brings the actuator to a resting position. The scalar reward signal drives
the learning of the controller. The observations include the current position and ve-

locity of the actuator, target position, target width, and these are fed into the policy
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Figure 3.8: Architecture of the RL framework. Feed forward controller net-
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noise and represented by a;, a;. Point-To-Point model is the biome-
chanical system as shown in Figure 3.7. Upon activations, the point-
to-point model generate kinematics (position and velocity of the actua-
tor). Observation vector include actuator position, starting point of the
target, middle point of the target, ending point of the target, actuator
velocity are denoted by A, S,, M), E,, A, respectively. o and 1 are
the execution or running rates of the perception and controller processes

respectively.

network and Q-network. This whole process is repeated until an optimal policy is

learned. Now, let us look more deeply into each component of the architecture.

3.3.1 Feedforward controller

The main task of the feedforward controller (roughly translated as the brain) is to

learn to prepare a motor command or muscle activations required for the actuator

to reach the task under the activation noise configurations given the position of the

actuator and the target, velocity of the actuator and the target size. The input and

the outputs of the controller are represented in a block diagram format (see Figure
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In SAC, the feedforward controller consists of a policy network and two Q-
networks. Policy network prepares actions (muscle activations or co-activation)
given the observations. The other two networks are unified together called Q-
network as it learns an optimal Q-value function that informs the policy network
whether the activations resulted in maximum expected return or not. The policy
network is commonly referred to as the actor, and the two Q-networks combined
together are called the critic. Multi-layer perceptron network architectures are used
as policy and Q-networks.

The policy network generates muscle activations that are required to generate
kinematics in the biomechanical system. The resulted changes of the world are
acquired as observations and used as inputs for both the policy and Q networks.
These observations include the current position of the actuator, actuator velocity
denoted by A, and A, as shown in Figure 3.8. Another vital input of the controller
is the target width represented by the starting, middle point, and ending point of
the target denoted by S,, M, and E, respectively. The actor-network prepares
co-activation using these inputs, and as a result, the actuator moves. The actua-
tor eventually reaches an equilibrium state as the perception process waits till the
actuator gets to equilibrium. Hence, our controller can be called a feedforward
equilibrium controller or ballistic equilibrium controller. The new observations are
collected and stored in a memory buffer and used as data samples to train the pol-
icy and Q-networks. More details about SAC and how it is used to learn to control

movements are discussed in the section 3.4.

3.3.2 Perception Process

The main task of this perception process is to continuously apply the co-activation
till it gets the new prediction of co-activation. While the activations are getting
applied, it simultaneously checks the status of the actuator. At every simulation
step, the perception process checks whether the actuator is in equilibrium or not. If
the actuator is not in equilibrium, then it waits till the actuator is in its equilibrium
(velocity ~ 0). Once the actuator is in its equilibrium position, the perception
checks if the actuator is on the target or not. Since this process continuously runs

at the simulation rate, its update rate is higher than the feedforward controller’s
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Figure 3.11: Schematic representation of the perception process.

Since there is noise present in the system, the actuator sometimes may never

previous works such as [3], and [32].
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update rate. This idea is inspired by the human’s feedforward-perception loop.
However, it is important to note that the perception process in humans does not
wait for the limbs or actuators to get to equilibrium. Rather, a correction movement
is generated as the ballistic movements unfold. Since it is challenging to design
this feature, as a first step, we simplified the perception process to wait for the
equilibrium. Waiting for equilibrium depends on the magnitude of co-activation.
The higher the co-activation force, the lesser the time it takes to reach equilibrium.

Therefore, there is a dynamic delay between the controller predictions, unlike the

reach equilibrium during training. So, to avoid this, we maintain a time-out con-



dition for the equilibrium. We employ a fixed delay for the actuator to get to
equilibrium. If it fails to reach equilibrium within the tine-out value, the old target
configuration (A, W) is replaced by a new target configuration. Then, the percep-
tion process sends out a request to the controller asking for the new prediction for
the new target configuration. The remaining blocks of the perception process are

described in the following sub-sections.

3.3.3 Success criteria

Success check

| S, <4, <E, [—"True

A, ~
- — False

Figure 3.12: Criteria for success in reaching task for the agent.

One of the key elements in the RL framework is the success criteria. It informs
the agent whether a certain muscle activation prediction led to success or not. The
agent is considered successful when the actuator is at equilibrium, and the target’s
position is within the prescribed target width. For example, imagine a 1 mm target
located at 5 mm.In order to be successful, the agent should predict muscle acti-
vations that bring the actuator’s position anywhere between 4 mm (starting point)
and 6 mm (ending point), and the actuator should be resting (i.e., A, = 0). Success
criteria are checked continuously after every update. Every action is mapped to a

reward or credit, helping the agent distinguish the best policy from the bad one.
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3.3.4 Target generator

This block represents the mechanism of generating new targets during the train-
ing phase. The target generation mechanism is dependant on two conditions, the
success criteria and the exploration limit. A new target is generated if the agent
successfully reaches the target, with a new location and required accuracy. If the
agent fails to reach the target, then the agent checks the exploration time-out con-
dition. Exploration time-out is a fixed number of predictions that the controller
is allowed to do per episode. If the number of controller predictions crosses the
prescribed limit and the agent fails to reach the target, a new target is generated.
This is a general practice in many DeepRL techniques, which helps the agent not
to stuck in bad policies. In our work, the exploration limit is set to 100 predictions
per episode. If the controller fails to reach the target in an episode, a new target
is generated with a different configuration from the previous target as the target

configurations are generated in a random fashion.

3.4 Learning feedforward controller with Soft
Actor-Critic

In reinforcement learning, the objective is to determine a domain-specific policy

representation 7 [70], which maximizes the expected return (J). A policy is a
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function that maps the agent’s action space to the state space. In training, the
agent’s task is to find an optimal policy (7*) that results in maximum rewards.
The policy can be either a deterministic or probabilistic distribution (stochastic)

mapping function.

Tt = argmgx](ir) , (3.2)

J() =Egon(ps) [ LV (s0:a1)] (3.3)

where s, and a, is the state and the agent’s action at time ¢ respectively, 7 is
discounting factor for future rewards, and r(.) represents the reward or penalty
associate with actions given the states.

In the muscle-based reaching task (see Figure 3.7), the actions are the co-
activation that moves the actuator in the kinematic space. So, to reach the target,
the agent must learn to estimate the co-activation required. Hence, the agent starts
off the learning process by interacting with the environment (muscle-model) by
randomly predicting co-activation and gathers respective states and rewards. This
stage in training is generally referred to as exploration. Then, the agent exploits
the current optimal policy. This process is called exploitation. An RL agent needs
to maintain a tradeoff between exploration and exploitation during the training.

We utilize the Soft Actor-critic (SAC) algorithm for learning reaching task
which belongs to the family of model-free RL. Unlike other RL algorithms, SAC is
considered robust to hyper-parameter tuning, which is a convenient option for our
motor control problem. SAC maintains an additional term in the optimal policy
equation as given in Equation 3.3 and the final optimal policy equation is given in
Equation 3.4. J7(.) is the entropy of the policy given by the Equation 3.5. The
entropy term is controlled by the temperature term o that governs the strength of

the exploration. Higher the value, the higher the importance of exploration.

"= argmax B q()s,) Y ¥ (r(sr,a) + et (n(]s1))] (3.4)

A (n(|s)) =E[—logm(.|s;)] , (3.5)

47



Moreover, the agent is rewarded according to the entropy ¢ (.) of the policy
as a way to avoid learning bad policies.

In our implementation, the SAC algorithm has two main neural networks(function
approximators): the policy network (actor) and the action-value function network
(critic). The policy and action-value functions are parameterized by ¢ and 6,
respectively. In training, at each timestep ¢, the actor-network prepares a co-
activation (a;) given the current state of the environment s,. Consequently, the
actuator ends up in a new state s, 1. In the muscle-based model, the state comprises
the target position, target width, current position of the actuator. During training,
the history of interactions with the environment is stored in a memory buffer (2),
known as the replay buffer [62]. Each sample in the replay buffer, (s;,a;,s;4+1,7¢), i8
an observation tuple that contains current state, executed action, next state, and the
reward associated with the transition. The data in the replay buffer is the training
data which helps the training of the Q and 7 networks multiple times [62].

The action-value function represents the expected reward as shown in Equation
3.6. It can also be interpreted as an estimation of the value of an action given a state
based on the reward signal. The Q-function is computed recursively with the help

of Bellman equations [56] as shown below:

or) (styat) = ”(St,(lz> + YEs,HN@ [Vé (&H)} ) (3.6)

Vé (St> = E“r~”¢('|st) [Qé (St,a[) — OClOg TE(CI;’S;)] . (37)

In the above equations, V(.) is the value function defined as the expected future
reward of a state. Because of the entropy term, the value function is changed ac-
cording to the equation 3.7. In the context of the muscle model, the value function
approximately indicates the likelihood of the agent to reach the target and receive
high reinforcement. Using the value function, SAC calculates the Q-function as
given in Equation 3.6.

As mentioned earlier, the data samples collected in the memory buffer are used
for training the policy and Q function networks. The parameters of the Q-network
are updated by backpropagating the Q-function error using stochastic gradient de-

scent. The Q-function error is calculated as the mean-squared error between the
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predicted Q-values and the ground-truth Q-values. The ground truth Q-values are
calculated using the current reward (r;) and the discounted state-value function

(YVo (s14+1)). Thus, the objective function of the Q-network becomes:

J(Q6) = E (s, arrs001)~2, ary1~7 [(QG(Suat) — [+ VEg 12 [Va(si41)]] ) 2] :

(3.8)
It is important to note that Equations 3.7, 3.8 use 0 instead of 6 to denote the
parameters of the networks. This is to showcase the common practice employed
in training reinforcement algorithms. Critic network is modeled with two nueral
networks with the same architecture but with independent parameters [63]. The
secondary network is called the target network, denoted as Qg. It is used to es-
timate the assumed ground-truth value of the next state in Equations 3.7 and 3.8.
Maintaining a target critic network has demonstrated in stable and smooth training
process [63].

Another feature of the SAC that played a key role in learning the reaching task
is the double Q-learning [36, 93]. Two Q-networks are used together to repre-
senting a single critic. Since there are two critic networks (main and target), two
Q-networks are used for both of them. Minimum of the outputs of two Q-networks

is used as an estimate of the Q-values:

QG(Staat) :min(Qel(Smat)aQez(st,at)) . (3.9)

Using double-Q learning has resulted in speeding up the training and improve the
performance of the algorithm [34].

Now coming to the policy network, the parameters of 7y are updated to maxi-
mize the expected future return as well as the expected entropy. If the Q-function
(critic) is assumed to be telling the truth, finding the optimal policy is the same as

maximizing E;[Vj(s)]. This can be expanded, based on Equation 3.7, as follows
J(my) = Egny sn [Qo(s,a) — atlogm(als)]. (3.10)

Unlike Q-networks, the policy objective is optimized via stochastic gradient ascent

based on the random samples drawn from the replay buffer (2) as the idea is to
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maximize the expected return. The training is carried till the objective functions of

the actor and critic networks are converged to a saturation point.

3.4.1 Reward Structure

True
Success | ~| Scalar
check block >l Reward
False

———preinforcement

———— penalty

Figure 3.14: Scalar reward structure. Reinforcement on success and penalty
otherwise.

In our work, we have a simple and basic reward structure, and a reinforcement
is awarded only if the controller is successful in the task. In other words, the agent
is penalized for every action prediction except for the prediction that led to success-
ful reaching. This mechanism is analogous to the reinforcement observed in hu-
mans [23]. Block diagram representation of the reward structure is shown in Figure
3.14. Reinforcement represents a positive scalar value and the penalty represents a
negative scalar value. In our work, we used +5 and -5 to represent the positive and
negative reinforcement. This reward structure pressures the system to minimize
the number of controller predictions. It is a well established fact that the SAC ob-
jective is to maximize the expected return as the first term in Equation 3.4 [34, 35]
suggest. With the above reward structure, the case where the expected return would
be high is when the controller has taken a single prediction and reached the target.
For example, if the controller has taken 10 predictions (i.e., 9 predictions led to
failure and 10" prediction is successful), then the expected return would not be a
high expected return. As the number of predictions are increasing, the penalties
gets accumulated. Consequently, it brings down the expected return value which
is not a rewarding behavior. So, the only possible way to get maximum return for
the agent is to use minimum number of predictions to reach the target. Since, the

networks are trained to maximize the expected return, agent gets pressurized to use

50



Reward

Uniformly distributed
reward

A mm Position

—p
W mm

Figure 3.15: Uniformly distributed reward structure.

minimum number of predictions to complete the task.

Additionally, there is another why the above reward structure is more appropri-
ate and reasonable in this work. Scalar reward provides us an uniform distribution
across the target width. In other words, the scalar reward is invariable to the tar-
get width unlike other complicated reward structures such as euclidean distance
available in literature [3, 32].

Another key point to notice is that the noise also partly responsible for SAC
to determine the unique co-activation solution. Since the noise increases the like-

lihood of making the error or missing the target when the controller predicts low-
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amplitude co-activation, the agent determined that the boosting the co-activation
amplitude can avoid the penalty. As a result, the feedforward controller learns to
predict the co-activations that are high in magnitude while keeping the number of

predictions to the minimum.

3.5 Training and architectural details

Our architecture utilized two function approximators (neural networks), one for
state-action pair approximation and the other for policy optimization parameter-
ized by 0 and ¢, respectively. In all our experiments, the Q-network is a multi-layer
perceptron with two hidden layers with Rectifier Linear Unit (ReLU) activations
after the first two layers. As shown in Figure 3.10, the size of both the hidden
layers was configured to 256. The observation space of the RL agent includes the
current position of the controller, goal position, and current muscle activation val-
ues. The Qg network estimates the action-value function denoted as Q(s,a). A
Gaussian policy network is utilized, which outputs the statistical parameters mean
u and standard deviation ¢ to compute a Gaussian distribution .4 (i, ). Then,
the actions are sampled from the normal distribution using the reparameterization
technique [54]. The resultant actions are communicated to the simulation environ-
ment ArtiSynth to drive the simulation forward. During the testing phase, the mode

of the distribution is considered as the optimal/learned action of the agent.

3.6 Summary

This chapter explains the methodology utilized to learn and investigate ballistic
controllers in an elaborate fashion. First, we discussed the motivation underlying
the choice of the biomechanical task and the algorithm. Then, we formulated the
research objective, experimental hypothesis and elaborated the dynamics of the
muscle model. Then we explained the architecture and discussed each component’s
task in the architecture. Finally, we explained how the proposed SAC architecture

learned the feedforward control strategy.
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Chapter 4

Feedforward controller and it’s
Behavior

The primary goal of our DeepRL based architecture is to learn a feedforward con-
troller that predicts the desired co-activation for a target in the kinematic space
and investigate the behavior of the learned controller. So, the Soft Actor-Critic
algorithm has been utilized to learn a feedforward controller with a scalar rein-
forcement signal with various task difficulty levels under muscle activation and
controller noise configurations. The scalar reinforcement provides feedback on
whether the task is successful or not. The adaptations that played a crucial role in
learning the ballistic equilibrium controller are 1) Scalar reinforcement, 2) Varying
the index of difficulty, 3) Injection of noise in the muscle system and controller.
All these adaptions unified together led to the building of the SAC-based controller
that acts in a feedforward manner.

To carry out our experimental investigations constructively, we first set up a
deterministic system and then solve the reaching task using SAC. We can validate
whether the SAC method can solve the deterministic system, which is a relatively
more straightforward and well-studied problem, by solving the noise-free system.
Additionally, solving a deterministic system can provide a measure of performance
and reliability of the SAC method. Then, we move on to solving more complex sce-
narios where the task’s difficulty is modified by varying target width, the distance
between the actuator and the target, and the muscle activation noise levels using
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Figure 4.1: This figure represents the workflow of this chapter. First, we dis-
cuss the deterministic setting and how the SAC is used to solve the
deterministic problem. Then, we move to the more complex scenario
of the stochastic system to learn a ballistic or feedforward equilibrium
controller. After, information analysis is carried out to evaluate the con-
troller’s performance.

SAC.

Solving a noise-free (deterministic) system is a well-studied problem [3, 32]
compared to the noisy system (stochastic) case. Therefore, the main contributions
of this work arise from solving a stochastic system to learn a feedforward con-
troller and conducting the information analysis to determine whether the controller
has learned to tradeoff the number of predictions for difficult tasks as indicated in
the figure 4.1. We conducted information analysis (similar to Fitts’ analysis) on
the learned controller to determine the relationship among the Index of Difficulty,
amount of noise, and the average number of controller predictions (analogous to

movement time) to check for the tradeoff behavior.
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4.1 Reaching task in a deterministic world
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Figure 4.2: Co-activation predicted by the SAC-controller in a deterministic
setting. Controller is reinforced if the controller has minimized the eu-
clidean distance with the least amount of activations of both muscles.

Deterministic, by definition, means that the system’s behavior is known. There
is no randomness involved in determining the output of the system given an input.
If there is noise in the system, inherently, the system becomes non-deterministic
as the noise is random and the output is varied stochastically. To make our system
deterministic, we remove the randomness in the system. The randomness or noise
in our system is present in the muscular system (activation noise) and controller
(controller noise). So, we remove the activation and controller noise making the
system noise-free (deterministic). Additionally, as the system becomes determin-
istic, the controller must reach a target with a single ballistic prediction. Therefore,

the width of the target does not factor into the difficulty of the task. Hence, the
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central premise of the problem reduces to figuring out the co-activation required to
make certain displacement in the kinematic space. However, there exists an infinite
number of co-activation solutions to reach a particular point. So, we impose some
boundary conditions on the activations to ensure the system can produce unique
co-activations. The boundary condition is the activation regularization which puts
pressure on the algorithm to minimize the Euclidean distance between the target
and the actuator while using the least amount of activations to reach the target. The

reward used for this experiment is given in Equation 4.1.

R— —logo(de) = (MM") T, <Cp <T,+w @1
=5

Where M is the activation value predicted by the controller and d, is the dis-
tance error calculated as Euclidean distance error, and w is the static target width
used in the experiment. The above reward helps the system learn to reach the target
by rewarding the agent when it reaches the target (minimizing Euclidean distance)
with the least amount of excitation values (excitation regularization). First-term
—log,o(d,) results in high reward when the d, comes close to zero. Additionally,
the second term —MM?7 results in a high reward when the controller predicts the
co-activation with low values. So, this imparts pressure on the algorithm to learn
to reach the target by minimizing the distance-error via excitation minimization.
It is important to note that log, is added to d, to normalize the d, term. Adding
log with base 10 will ensure the first term stays between 0 to —2. On the other
hand, the lowest and highest excitations possible are 0 and 1, respectively, for both
muscles as the muscle excitations are also normalized (0 to 1). Therefore, the maxi-
mum and minimum value of the dot product MM also gives 0 and 2, respectively.
This allows the agent to understand that minimizing distance and using the least
magnitude excitation values are equally important. Because minimizing both the
distance-error and excitations will result in a maximum reward. When the agent
fails to reach the target, the —5 scalar value is awarded as a penalty. In addition,
the width in this experiment is kept static across all the episodes. The value for the
target width used is 0.3. Using the reward mentioned above, the controller must

learn to predict the activation values with the least dot-product value. This can be
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achieved by predicting the least amount of activations values for both muscles.
From the graph 4.2 it is evident that the activations for the targets that are
present at 1.15 mm, 2.15 mm, 3.15 mm, 4.15 mm, and 5.15 mm distance away to
the right of the actuator are low in magnitude. Moreover, the muscleO activation
values are almost zero. Further, while calculating the dot product, the contribu-
tion of muscle0 in the reward gets even lower. This behavior demonstrates that
the controller has learned to use the least amount of co-activation. Besides, the
overall dot-product becomes less as the musclel excitation values are also less in
magnitude. As a result, the agent received more reinforcement while successfully
reaching the target. So, the controller is working as is expected, and we can con-

clude that SAC is a reliable algorithm to continue further complex investigations.

4.2 Reaching task with variable A & W in a noisy world

The previously explained deterministic experiment is a reliability test for the SAC
algorithm. However, the motor system is usually stochastic in nature [33]. So, the
main experiment in this work requires making the current biomechanical system
stochastic. We achieve this by inducing noise in the system at various stages. Since
the system is stochastic, it is a more complex and challenging problem to solve.
Noise sources are present at every stage of the human motor mechanism. As it is
not possible to investigate every single source of noise, we mainly concentrate on

the muscle activation noise and the controller noise.

4.2.1 Addition of noise

Noise plays a significant role in the human motor system. Fitts proposed that hu-
mans can not perform quick movements while performing high-precision move-
ments. Humans tend to make errors. Therefore, an inherent agreement between
speed and accuracy is observed and commonly referred to as the speed-accuracy
tradeoff. Fitts suggested that one of the responsible factors for this phenomenon is
noise in the motor system. Hence, we introduced the noise into the point-to-point
biomechanical system, which generates jittering behavior. Noise can be modeled
in many ways as there are multiple sources available in the motor system. We

mainly investigate the behavior of the controller under the actuator and controller
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noise configurations of the world.

Muscle activation noise: Muscle activation noise or simply activation noise mod-
eled in this work is the noise that is innately present in the muscular system. This
noise is always present in the system. Hence, it is applied at every time step of the
simulation. Due to these continuous noise perturbations, the actuator is continu-
ously oscillating around the point of origin — the higher the amount of noise, the
more the oscillations. A simple analogy to explain the effect of noise is that healthy
or normal people exhibit essential or physiological tremor [19]. Similarly, the actu-
ator in the muscle model exhibits a small amplitude oscillating behavior due to the
muscle activation noise introduced in our system. This noise can potentially affect
the targets demanding high accuracy, especially when the task objective involves
reaching equilibrium. This noise is also present even in the absence of movements.
The actuator noise is sampled from a gaussian noise distribution with zero mean
(u) and 0.03 standard deviation (o) as shown in Figure 4.3. As the noise is a Gaus-
sian process, during training, the agent gets more exposed to the noise activation
values ranging from -0.03 to 0.03 (see the highlighted portion of 4.3). The like-
lihood of getting exposed to high activation values is low. In other words, during
training, minimum exposure of the high activation values is still available. It is
important to note that too much activation noise (increasing the standard deviation
of the noise process) can damage the whole training process. Because the actua-
tor can never reach the target and hence there would not be any reinforcement to
learn. Therefore, we chose a value of 0.03 sigma value to make the task difficult
enough while not making it too difficult to reach the target. This way, the agent
gets exposed to the noise ranging from low to high activation values in a controlled

fashion, which helps the agent understand the noise process’s dynamics.

Controller Noise: The controller noise is the noise that is present within the con-
troller predictions as there can be noise added in the motor commands [73]. Hence,
when the controller predicts the muscle activations desired to reach a target in the
kinematics space, we add activations sampled from a random Gaussian process

with zero mean and 0.06 standard deviation as shown in Figure 4.5. Therefore, the
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Figure 4.3: Activation noise distribution is present in the system with zero
mean U and 0.03 standard deviation o. When the activation noise pro-
cess is sampled, the probability of the resultant activations being within
the range of -0.06 to 0.06 is higher.

activations that get applied to the point model controller will be different from the
actual prediction of the controller as the noise activation values are added as shown
in Figure 4.4. It can be observed that the standard deviation of the controller noise
process is higher than that of activation noise. Because the noise activation val-
ues sampled from 0.03 standard deviation might not create required disturbances
in the controller’s prediction. If the noise values are low in magnitude, then the
controller can easily adjust to the noise values by boosting the magnitudes of the
activations, as the noise is applied only at the time of prediction as opposed to the
activation noise. This would make the task a bit easier for the controller. Hence, for
this noise configuration, we increased the standard deviation of the noise process
to 0.08. Then, the sample activations can increase the probability of missing the
target, making it considerably difficult to reach.

Controller noise affects the predictions made by the controller (neural net-

works) by adding the randomly sampled activation values from the Gaussian noise
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Figure 4.4: Schematic representation of the controller noise working mecha-
nism. a; and a, represents the activations predicted by the controller for
the first muscle and second muscle respectively. n; and n, represents
the noise activations sampled from the gaussian noise distribution for
the first muscle and the second muscle respectively. A; and A, repre-
sents the resultant muscle activations after adding the noise activations
to the controller predicted activations.

distribution as shown in Figure 4.5. As a result, the actuator achieves equilibrium

in a different position.

Target width as uniform noise: In addition to the controller and activation noise,
target width can also be interpreted as uniform noise. The fundamental motiva-
tion for Fitts’ law is the information capacity theorem known as Shannon’s theo-
rem. This theorem determines the information rate of a communication channel of

Bandwidth B when a signal § is transmitted.

C =B log, (%H) 4.2)

Fitts’ rationale behind the ID formulation is that the human operator that performs a
movement over a certain amplitude or distance to acquire a target of a certain width
is demonstrating a “rate of information transfer” [26]. The movement amplitudes

are like signals, and target tolerances or widths are like noise. In a noiseless sys-
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Figure 4.5: Controller noise distribution is present in the system with zero
mean U and 0.06 standard deviation 6. When the noise process is sam-
pled, the probability of the resultant activations being within the range
of -0.06 to 0.06 is higher.

tem (i.e., N = 0), the Signal-To-Noise (SNR) ratio will become infinity indicating
a lossless transmission. Since the width is analogous to noise, in the reaching task,
zero-width means that the target is a point that requires an infinite amount of pre-
cision, and the human is required to perform a movement that is exactly equal to
A. Similarly, when N # 0 or non-zero width means that the target is an infinitesi-
mally small point with kinematic noise uniformly distributed around the point. So,
the human operator can make some errors as long as the end-effector is within the
target width. For instance, if the target is at 4 mum with a target width of 1 mm, the
human operator can make an amplitude of 3.5 mm and still be considered success-
ful in reaching the target.

24
MT =a+bID=a+blog, (W) 4.3)

It is important to note that Fitts considered the target width modeled as a uni-
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form noise distribution, and it is present in the task space. However, there can be
multiple sources of noise present inherently in the human motor system. Macken-
zie et al. [59] suggested that Fitts’ ID can be extended to any source of noise to

accommodate the effect of other types of noise in the ID formulation.

4.3 Validation of feedforward controller
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Figure 4.6: Co-activation predicted by the SAC-controller in a stochastic set-
ting with activation noise. Controller is reinforced only on reaching the
target.

As the motor control theory suggests, humans first learn to pre-program motor
commands, and once they learn, they generate motor commands in an open-loop
(feedforward) mode to perform motor tasks [48]. These feedforward commands
are enough to complete motor tasks. However, when there is a high need for accu-

racy, the feedforward is not enough. Based on feedback, corrective movements are

62



[_IMuscleo I Musclel

1.0 1

0.8 4

0.6 4

Activations

0.2 4

0.0

1 2 3 4 5
Distance in mm

Figure 4.7: Co-activation predicted by the SAC-controller in a stochastic set-
ting with controller noise. Controller is reinforced only on reaching the
target.

generated to complete motor tasks. Similarly, in our work, we built a SAC-based
controller that learned to prepare co-activation that brings the actuator onto the tar-
get in a feedforward manner. We found that the controller has learned to reach the
target with a single prediction when there is less emphasis on accuracy (i.e., bigger
targets). However, in the case of high-accuracy targets (smaller targets), the con-
troller has invested multiple predictions. The number of predictions is dependent
on the amount of noise present in the system. Additionally, as shown in graphs
4.6 and 4.7, the controller’s predicted co-activation are high in magnitude for both
the muscles due to the noise present in the system. The controller has learned to
predict the activations as a way to counteract the noise activations. The noise in the
system can increase the likelihood of missing the target, which leads to a penalty.

To avoid being penalized, the controller boosted up the activation values so that
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even if the noise exists, it can overcome its effect, thereby making sure to reach
the target or receive reinforcement. One important point to note here is that the
activation values reported in graphs 4.6 and 4.7 are for targets present at distances
1 mm, 2 mm, 3 mm, 4 mm, 5 mm with 1 mm target width. Further, the controller
has taken more than one prediction for some of the targets as the difficulty of the
task increases as distance increases. So, we took the average of all the predictions

and reported them in the graphs.

4.4 Behavior analysis of the feedforward controller

In this section, we explain the behavior of the learned feedforward controller by
using information analysis. Information analysis deals with characterizing or eval-
uating the controller’s performance given various difficulty levels of the task under
the activation noise and controller noise configurations. It can help us understand

what the SAC-based controller has learned and its behavior to reach the target.

4.4.1 Information analysis

Information theory has been an effective tool to appraise human movements [27].
This approach takes the perspective of humans as information processors [81]. In-
spiring from the information theory, Fitts extended the information theory concepts
to measure the human motor system [58]. He formulated a metric to quantify the
difficulty of the task (in terms of bits) and then used the ID to quantify the hu-
man motor performance via “throughput” or “information rate” [27]. Since Fitts’
study, many works followed the same pathway to appraise the human motor perfor-
mance, and it has also been applied to evaluate various input devices in the human-
computer interaction field [65]. We also follow the path of Fitts and conduct the
information analysis to investigate the performance of our learned feedforward or
ballistic controller.

One major exception is that Fitts’ ID has considered only uniform noise in
the form of target width, whereas we also consider other sources of noise in our
analysis, i.e., muscle activation and controller noise. It means, along with the
distance to the target A, target width W, an additional parameter exists in the form

of muscle activation and controller noise, which can modify the task’s ID.
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Index of Difficulty

According to Fitts, various target configurations (combinations of A & W) have
different IDs. From Fitts’ law, it is understood that multiple configurations of the
target are possible depending on the distance and the target width. Each configu-
ration has a specific ID value assigned to it. As the difficulty of the task increased,
the movement time has increased linearly. Due to the noise in the system, it is not
viable to calculate the movement time in our work. In the case of actuator noise,
the actuator may never reach equilibrium if the amount of noise is significantly
high. However, we can utilize the “number of controller predictions” instead of
movement time. Therefore, we analyze the controller’s behavior by determining

the relationship between the ID and the “number of controller predictions.”

Average number of controller predictions

Here, the average number of controller predictions is calculated as an alternative
measure of movement time instead of calculating movement time. The reasons
behind this are explained as follows: First, our controller, for every prediction,
waits for the actuator to get to equilibrium. When the muscle activation noise is
present in the system, the actuator might struggle to reach an equilibrium point. If
the amount of noise is significantly higher and the target width is small and far, the
actuator may never reach an equilibrium point, and it would take an infinite amount
of time to reach equilibrium. So, in this case, it is not possible to have a proper
measure for movement time. So, to avoid this, a time-out mechanism is employed
to notify the controller to send out a new prediction if the actuator never reached the
equilibrium after a fixed amount of time. Therefore, for convenience, we use the
number of times the controller sends the muscle activations predictions to reach the
target as an alternative measure for movement time. Moreover, the metric number
of controller predictions is proportional to the movement time. If the number of

controller predictions is high, it can be interpreted as more movement time.

Target Configurations & Representations:

During training, the agent is presented with various target configurations. The

target configuration is characterized by the distance between the target and the

65



Table 4.1: Data points for 4 mm distance. Each target has the width property
and is represented by the starting point S, center point C,,, and End point
E, distances.

Distance Width  Target Representation

(d mm) (wmm) (<S,—M,—E,>)

4 1 <3.50-4-450>
0.9 <3.55-4-4.45>
0.8 <3.60—-4—-4.40>
0.7 <3.65—4—-435>
0.6 <370-4-4.30>
0.5 <375-4-425>
0.4 <3.80—-4-4.20>
0.3 <385-4—-4.15>
0.2 <390-4-4.10>

actuator D and the required accuracy (target width) W. In the training phase, the
distance to the target is randomly selected from O mm to 7 mm. Similarly, the
required accuracy to be considered successful in reaching task is modified, thereby
generating various target configurations. For instance, for a target located at 4 mm
with a target width of 0.5 mm, the ID value according to Fitts” formulation is 4 bits.
As the D and W change, the ID value changes. Table 4.2 shows the ID values of
various target configurations. ID in the table is calculated according to the Fitts’
)
Each target is represented by the start point S,,, middle point or center point M,

formulation of ID, which is given as log, (

and the end point E,. Depending on the target width, the S, M), and E,, values
change. Examples of target representations are shown in table 4.1 for distance

4 mm.

Data Acquisition:

Information analysis of the controller is conducted by collecting observations of
various target configurations. We selected the target configurations that have non-
duplicate ID values out of all the possible target configurations. The selected data

encompasses the least ID, highest ID, and moderate ID values. For each target
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Table 4.2: Selected data points that encompasses all the ID values ranging
from 1 to 6 bits.

Distance Width  Fitts’ ID
D (mm) W (mm) ID (bits)

1.0 1.0 1.00
1.0 0.6 1.73
1.0 0.4 2.32
2.0 1.0 2.00
2.0 0.6 2.73
2.0 0.5 3.00
3.0 0.6 3.32
3.0 0.2 4.90
4.0 0.5 4.00
4.0 0.3 4.73
4.0 0.2 5.32
5.0 0.8 3.64
5.0 0.5 4.32
5.0 0.3 5.05
5.0 0.2 5.64

configuration shown in table 4.2, we collected the number of predictions #» made by
the controller to reach the target successfully. Hence, owing to the uncertain nature
of random noise introduced in the system, the number of predictions listed in the
table is calculated as the average number of predictions taken over 100 repetitions

of the same task.

4.4.2 Feedforward equilibrium controller with activation noise in the
world

In this experiment, there is no constraint imposed on the co-activation predicted

by the controller. Hence, the agent has the freedom to choose activations whose

magnitude ranges from low (0) to high (1). The main objective of this experiment

is to study the effect of the actuator noise on the performance of the learned bal-

listic equilibrium controller. Due to actuator noise, reaching equilibrium (A, = 0)

becomes difficult as the actuator continuously oscillates. More the actuator noise,
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the more difficult it is to reach equilibrium. Hence, the resting condition is kept to
a small value (A, < 0.1) instead of 0. Another important setting of this experiment
is that there are no constraints imposed on the activation levels. The controller can
predict any activation values ranging from a minimum value of 0 to a maximum
value of 1. Also, the agent is trained with 0 mean (u) and 0.03 standard devia-
tion (0). However, during the testing, we collected the observations by varying the
noise levels, which will be discussed later in detail.

During training, the agent encountered various targets at different positions
(distances) and varying target widths. This feature allows the agent to learn to reach
targets with various target widths and come to a resting position while learning to

counter the noise.

Linear fitting:

One of Fitts’ study observations is that MT has a linear relationship with the loga-
rithmic ratio of A and W. Now, we also performed scatter plot analysis for the data
we have collected, which is shown in Figure 4.8

From the graph 4.8, it is evident that as the ID increased, the number of con-
troller predictions also increased, which concurs with the Fitts’ observation. But
the main question here is: is it linear? From the data it is more like an exponential
instead of linear. To confirm this, we performed a linear fitting and the correspond-
ing analysis is shown in graph 4.9. As a result, the resulted linear equation has only
0.73 of R? value and Pearson’s correlation coefficient (R) of 85%. This means that

the relationship is non-linear which deviates from the Fitts’ observation.

Exponential relationship of ID & n:

We performed exponential regression analysis and found that the exponentially
growing curve (resultant regression curve) best describes the collected data. The
resulting regression equation has a general exponential form as shown in equation
4.6 This indicates that the agent is making more predictions to reach the target
as the targets are becoming more difficult. Moreover, the agent’s predictions are

exponentially increasing as the ID is increasing, which is evident in graph 4.10.
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Figure 4.8: This graph represents the scatter plot performed between the
number of controller predictions and the ID with actuator noise present
in the system. In this case, actuator noise distribution is set to have zero
mean U and 0.03 standard deviation ©.

1D
n=aeb +ng 4.4)

Also, we varied the amount of actuator noise levels and collected the corre-
sponding observation data to check how noise affects the number of controller
predictions. Interestingly, as the amount of noise increases, the number of con-
troller predictions also increases and vice versa. First, we reduced the amount of
noise, i.e., the standard deviation of the actuator noise process is reduced from 0.03
to 0.01, and the corresponding data is shown in graph 4.11. The graph shows that
the average number of predictions was comparatively less than the 0.03 standard

deviation (o) data. Moreover, it can be understood that the slope of 0.01 ¢ case is
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Figure 4.9: This figure represents the relation between the number of con-
troller predictions and the ID under actuator noise configuration. In this
case, actuator noise distribution is set to have zero mean y and 0.03
standard deviation o. Linear regression is performed to determine the
relationship.

much less than that of 0.03 ¢. In addition, it is evident that there is a breaking-point
at ID = 4, which is when the number of controller predictions starting increasing
exponentially. This observation also holds in the case of 0.03 o.

Now, we increased the amount of noise level by increasing the o value from
0.03 to 0.05. We should observe that the number of controller predictions should
increase compared to that 0.01 o and 0.03 o. In other words, the slope of the ID-
n curve should be high when the amount of noise is high. The data with 0.05 ¢
shows that it matches our hypothesis.

Another observation is that the slope of the ID-n curve is also exponential since

the derivative of the exponential is also exponential. However, the inverse of the
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Figure 4.10: This figure represents the relation between the number of con-
troller predictions and the ID under actuator noise configuration. In
this case, actuator noise distribution is set to have zero mean u and
0.03 standard deviation ¢. Exponential regression is performed to de-
termine the relationship.

slope is not to be treated as throughput as the number of controller predictions is

dependant on two variables.

Discussion: The main observation from the data is that the relationship between
the number of controller predictions, an equivalent metric for movement time, and
the index of difficulty is exponential. Fitts found it to be linear. However, Fitts’
analysis has only two main dimensions affecting the movement of a human opera-
tor, i.e., distance to the target and the target width modeled as a uniform noise. In
comparison, we have an extra dimension that affects the agent’s movements, i.e.,

muscle activation noise, more specifically actuator noise, in this experiment. In

71



(6]
]

B nwithm=0,s =0.01
R?-0.94

w e
1 1

Average number of predictions (n)
N

Index of Difficulty (ID)

Figure 4.11: This figure represents the relation between the number of con-
troller predictions and the ID under actuator noise configuration. In
this case, actuator noise distribution is set to have zero mean u and
0.01 standard deviation ¢. Exponential regression is performed to de-
termine the relationship.

other words, the difficulty of the target is a function of distance to the target, target
width, and the amount of noise. For example, if a target is near and bigger, but
the amount of noise is significantly higher than the actuator may never reach the
target and equilibrium, then the task is indeed difficult. For a task to be easier, the
target must be closer, bigger, and have lower noise levels. Similarly, for a task to
be difficult, the target should be farther, smaller, and have higher noise levels. In
addition, the data shows that there is a breaking point at ID equal to 4 bits. For the
targets with an ID greater than 4 bits, the number of controller predictions started
exponentially increasing with the ID. Also, as the noise level increased, the slope of

the exponential increment increased. Now, if we look at the target configurations
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Figure 4.12: This figure illustrates the relation between the number of con-
troller predictions and the ID under actuator noise configuration. In
this case, actuator noise distribution is set to have zero mean u and
0.05 standard deviation ¢. Exponential regression is performed to de-
termine the relationship.

with ID value more than 4 bits given in table 4.2, all those target configurations
have one aspect in common. All the targets are farther and smaller. It means that
when the target width is smaller, and there is actuator noise present, the controller
is investing more predictions as it is not easy to reach. This eventually leads to an
outlier case where the controller can never reach the target meaning that the con-
troller would take an infinite number of predictions. So, we can understand that the
resulted ID-n curve is an exponentially growing curve tending to infinity. That is
why the ID and the number of controller predictions have an exponential relation

rather than a linear relation.
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Table 4.3: Coefficients of the exponential regression equations with varying

actuator noise levels.

Noise level Coefficient 1 Coefficient 2 Base value

o a b no

0.01 0.0053£0.02 1.06+0.91 1.434+0.23
0.03 0.0054 +£0.004 0.80+0.16 1.76 £0.10
0.05 0.06+0.08 1.15+0.33 1.98+0.40

Linear relationship of o & n:
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Figure 4.13: This graph indicates the trend of average number of controller
predictions with the variation of actuator noise levels with ID kept con-
stant. The actuator noise levels are represented by the standard devia-

tion of the actuator noise process.

Now we determine the relationship between the average number of controller

74



Table 4.4: Slope and intercept of the linear regression equations shown in the
graph 4.13 for each ID.

Index of Difficulty Slope Intercept
ID a b

1.0 14.40+1.95 1.21£0.06
2.0 14.60+0.75 1.25+0.02
3.0 40.70+6.15 0.96+0.20
4.0 49.00£3.50 0.934+0.11
5.0 99.30+£5.08 1.05£0.16

predictions and the amount of actuator noise factor 6. We plotted the average
number of controller predictions and varying the amount of noise by keeping the
ID fixed. We found that the average number of predictions is linearly related to the
amount of noise for a specific ID target, as shown in the equation. Where n is the
number of controller predictions, a & b are the slope & intercept, respectively. o is
the standard deviation of the noise process. From the graph, it can be observed that
there is a trend in the slope; as the amount of noise increased, the average number
of controller predictions increased. Also, the slope of the equations is high in high

ID targets, which indicates the n value will become high.

n=aoc-+b 4.5)

Discussion: From the graph 4.13 it is evident that the slope of the ID — 5 curve is
higher than the /D — 4 despite the fact that the ID difference is only 1 bit. However,
having the same ID difference of 1 bit, the difference between the slope ID — 3 and
ID — 4 curves is not high as observed in ID — 4 & ID — 5. Similarly, the same can
be applied to the curves ID — 1 & ID — 2. According to Fitts, there should not be a
big difference in slope as there is only a 1-bit difference in the ID. The main reason
behind this can be understood by looking at the target configurations with the index
of difficulties 1, 2, 3, 4, 5 in the table 4.2. The targets used for ID —4 & ID —5
are medium and small, i.e., the target widths are 0.5 mm 0.3 mm, respectively.
Similarly, the targets used for ID —2 & ID — 3 are big and medium, i.e., the target
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Figure 4.14: This graph illustrates the comparison of average number of con-
troller predictions for the same ID with different activation noise lev-
els. The noise levels are represented as the sigma or standard deviation
of the actuator noise process.

widths are 1 mm and 0.5 mm, respectively. Hence, the high difference in the slopes
of ID—4 & ID—5 and ID —2 & ID — 3 curves is observed. It can be interpreted
that the effect of width is more than the effect of distance with activation noise in
the system. It means that our observation data complies with Welford’s observation
that the distance and the target width have different effects on the movements [94].

To investigate this observation further, we collected the average number of pre-
dictions invested by the controller for the target configurations with the same ID.
According to Fitts, a target located at 2 mm with a width of 1 mm has the same 1D
as the target located at 1 mm with 0.5 mm width. However, we observed that the
controller invested more predictions in the case of 0.5 mm target located at 1 mm

when compared to 1 mm target located at 2 mm as shown in graph 4.14. As the
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noise increased, the (1,0.5) target seemed difficult to reach compared to (2, 1) tar-
get. It demonstrates that the target width and the distance have different effects on

the controller, and target width is more influential than the distance.

4.4.3 Feedforward equilibrium controller with controller noise in the
world

The main objective of this experiment is to study the effect of the controller noise
on the performance of the learned ballistic equilibrium controller. Due to controller
noise, reaching equilibrium (A, ~ 0) becomes difficult as the controller continu-
ously oscillates. More the controller noise, the more difficult it is to reach equi-
librium. Hence, the resting condition is kept to a small value (A, < 0.01) instead
of 0. Another important setting of this experiment is that there are no constraints
imposed on the activation levels. The controller can predict any activation values
ranging from a minimum value of 0 to a maximum value of 1. Also, the agent is
trained with O mean (¢) and 0.06 standard deviation (o).

During training, the agent encountered various targets at different positions
(distances) and varying target widths. So, it allows the agent to learn to reach
targets with various target widths and come to a resting position while learning to

counter the noise.

Linear fitting:

One of the observations from Fitts’ study is that MT has a linear relationship with
the logarithmic ratio of A and W. Now, we also performed scatter plot analysis for
the data we have collected, which is shown in Figure 4.15

The graph shows that as the ID increased, the number of controller predictions
also increased, which concurs with the Fitts’ observation. But, is it linearly in-
creasing? From the data it is more like an exponential instead of linear. Hence, we
performed a linear fitting and the corresponding analysis is shown in graph 4.16.
Consequently, the resulted regression line has 0.85 of R? value and Pearson’s cor-
relation coefficient (R) of 92%. In general, anything more than 0.9 of R? value is
considered that the regression equation represents the data better. Therefore, the

relationship can be considered as non-linear which deviates from the Fitts’ obser-
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Figure 4.15: This graph highlights how the number of controller predictions
vary with ID. In this case, controller noise distribution is set to have
zero mean U and 0.04 standard deviation ¢. Linear fitting of the ob-
servation data. ID vs. number of predictions made by the controller.

vation. Though the controller noise data resulted in better linear fitting than the
actuator noise, the R? value of 0.85 is still not a strong value to suggest a linear

relation between ID and n.

Exponential relationship of ID & n:

Like in the case of activation noise experiment, exponential regression analysis is
performed and found that the resultant exponential regression curve best describes
the collected data. The resultant regression equation has a general exponential form
as shown in equation 4.6 This indicates that the agent is making more predictions
to reach the target as the targets are becoming more difficult. Moreover, the agent’s

predictions are exponentially increasing as the ID is increasing, which is evident in
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Figure 4.16: This graph shows the variation of controller predictions with
the variation of ID under the controller noise configuration. In this
case, controller noise distribution is set to have zero mean p and 0.04
standard deviation ¢. Linear fitting is performed on the observation
data.

graphs 4.17, 4.18, 4.19.

ID
n=aeb +ng (4.6)

Also, we varied the amount of controller noise levels and collected the cor-
responding observation data to check how noise affects the number of controller
predictions. Interestingly, as the amount of noise increases, the number of con-
troller predictions also increases and vice versa. First, we reduced the amount of
noise, i.e., the standard deviation of the controller noise process is reduced from
0.06 to 0.05, and the corresponding data is shown in graph 4.17. The graph shows

that the average number of predictions was comparatively less than the 0.06 stan-
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Figure 4.17: This graph demonstrates the exponential trend of controller pre-
dictions with the variation of ID under the controller noise configu-
ration. In this case, controller noise distribution is set to have zero
mean U and 0.05 standard deviation ¢. Exponential curve fitting is
performed on the observation data. Relation between ID and the num-
ber of predictions made by the controller is determined.

dard deviation (o) data. Moreover, it can be understood that the slope of 0.01 ¢
case is much less than that of 0.03 o. As observed in the activation noise case, there
is a breaking-point at ID = 4 when the number of controller predictions increases
exponentially. It holds true in the case of 0.06 ©.

Now, we increased the amount of noise level by increasing the o value from
0.06 to 0.08. We should observe that the number of controller predictions should
increase compared to that 0.05 ¢ and 0.06 ©. In other words, the slope of the ID-
n curve should be high when the amount of noise is high. The data with 0.08 ¢

shows that it matches our hypothesis.
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Figure 4.18: This graph demonstrates the exponential trend of controller pre-
dictions with the variation of ID under the controller noise configu-
ration. In this case, controller noise distribution is set to have zero
mean U and 0.06 standard deviation ¢. Exponential curve fitting is
performed on the observation data. Relation between ID and the num-
ber of predictions made by the controller is determined.

Another observation is that the slope of the ID-n curve is also exponential since
the derivative of the exponential is also exponential. However, it is important to
note that the inverse of the slope is not to be treated as throughput as the number

of controller predictions is dependant on two variables.

Linear relationship of o & n:

Similar to the analysis we conducted in the activation noise case, we investigate
how the number of controller predictions is affected by the controller noise levels

in the system. So, we plotted the average number of controller predictions against
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Figure 4.19: This graph demonstrates the exponential trend of controller pre-
dictions with the variation of ID under the controller noise configu-
ration. In this case, controller noise distribution is set to have zero
mean U and 0.08 standard deviation ¢. Exponential curve fitting is
performed on the observation data. Relation between ID and the num-
ber of predictions made by the controller is determined.

various noise levels by keeping the ID fixed. Graphs for the ID values 1, 2, 3,4, 5
bits are shown in graph 4.20. It can be observed that there is a linear trend in each
ID graph. Also, the number of predictions increased as the ID and noise levels
are increased. However, the increase in the number of predictions with the noise
levels is not more like we observed in the activation noise case. This is because
the impact of activation noise is relatively stronger on the number of predictions.
Therefore, it is difficult for the agent to reach equilibrium in the case of activation
noise. So, as the activation noise level increased, it resulted in a high increase in

the predictions. Whereas in the controller noise case, achieving equilibrium is not
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Table 4.5: Coefficients of the exponential regression equations with varying
controller noise levels.

Noise level Coefficient 1 Coefficient 2 Base value

o a b no
0.05 0.25£0.15 1.44+0.24 1.39+0.42
0.06 0.26£0.16 1.4440.25 1.51+0.47
0.08 0.31£0.25 1.44£0.32 1.86£0.70
I
124 ——ID2
U, ID5
c
9
G 10 4
=
et
o
— 8-
o
3]
O
E 64
>
c
o
g 4
e —
>
<
2 -
0.65 0.66 0.67 0.68

standard deviation

Figure 4.20: This graph indicates the relationship between the average num-
ber of controller predictions and the amount of controller noise. The
controller noise levels are represented by the standard deviation of the
controller noise process. ID1 represents 1 bit of index of difficulty,
ID2 represents 2 bits of index of difficulty, and so on.

as complex as in the activation noise case. In other words, it is easy to negate the

effect of controller noise compared to activation noise. Hence, the increase in the
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average number of predictions is not high as in the activation noise case.

4.5 Summary

This chapter showed how the system had learned a feedforward control strategy
while A, W, and noise parameters were varied in the experiment. Within that, we
performed a sanity check with the deterministic system setting, i.e., checking the
SAC performance on the noise-free system. Then, we deployed the SAC algorithm
on the noisy system where there is activation and controller noise and dynamic
target width. After, we tested some edge cases in the noisy world to help us un-
derstand that the system is doing what it is supposed to do intuitively. These test
cases were also used to describe the effect of factors such as the number of predic-
tions, ID, and the amount of noise (both activation and controller) on the learned
controller. We demonstrated that there exists an exponential relation between the
index of difficulty and the number of controller predictions with noise levels kept
static. Besides, we showed that there exists a linear relation between the amount
of noise and the number of controller predictions for targets with various IDs. This

observation is found to be true for both the noise configurations.
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Chapter 5

Conclusions & Future Directions

5.1 Conclusions

The main conclusions that we take from this study are that the relationship be-
tween the ID and the number of controller predictions () is exponential due to
the extra parameter muscle activation noise and noise-n relationship is linear. Fur-
ther, we conclude that the noise in the system plays a vital role in motor control
as it contributes towards the difficulty of the task, thereby affecting the number of
controller predictions. Finally, our study reveals that the effect of width is more
dominant than the distance, which coincides with the findings of various previous
studies [51, 60, 82, 96]. In summary, all these findings raised some fundamental

research questions and opened new research pathways.

5.2 Summary of Contributions

As a first step, we solved a crucial aspect of human motor control, i.e., learning
a feedforward controller in a noisy world. This learning is achieved by deploy-
ing a DeepRL algorithm known as Soft Actor-Critic onto a muscle-based reaching
motor task. Then, a custom reward function based on a terminal scalar reinforce-
ment signal is employed, which helped the algorithm to learn a feedforward control
strategy. In a noise-free world, the controller has learned to reach a target with a

minimum number of controller predictions. On the other hand, when the controller
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is presented with varying task difficulty and noise levels in a noisy world, the sys-
tem has learned to boost the magnitude levels of the co-activation. We observed an
increase in the number of controller predictions in the case of small and far targets
for a particular noise configuration. Similarly, when the noise level is increased,
the number of controller predictions is also found to be increased for various ID
tasks. Further, we conducted information analysis to describe the nature of the rela-
tionship between the number of predictions, the Index of difficulty, and the amount
of noise (activation and controller). From our analysis, we found that the number
of controller predictions exponentially increased as the difficulty of the task in-
creased. Additionally, we observed that, given a task with various IDs, the number
of controller predictions increased linearly with the increase in both activation and
controller noise. Besides, we found that the effect of width is more dominant than
the distance, which explains the non-uniform change in the controller predictions

when the noise and ID change.

5.3 Limitations

Our current learning architecture has few limitations. First, we discuss the limita-
tions of our architecture from the perspective of the motor control theory and then

talk about the drawbacks in the context of the reinforcement algorithm.

* Linear muscles: As described in chapter 3, we use muscles that have a
linear relationship between length, tension, and damping coefficient. Hence,
the results and the analysis are conducted using linear muscles. However, us-
ing non-linear muscle models such as Hill and Blemker can introduce more
complexities and constraints in the actuator movements, thereby influencing
the controller’s performance to some extent and provide biologically accu-

rate observations.

* Difference in the testing and training tasks: The noise process used in
the training process has fixed statistical parameters. For example, in the
training of activation noise experiment, the mean (¢) and standard devi-
ation (o) of the noise process are set to 0 and 0.03, respectively. How-

ever, during testing, the observation data was also collected for the cases
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(u,0)={(0,0.01), (0,0.05)} to capture the noise effect on the controller’s
prediction. However, during the training with (0,0.03) noise parameters, the
agent gets more exposed to noise values that are within the range of —0.03
to 0.03. When tested with (0,0.05), the agent might not have been exposed
enough to adapt to the higher noise cases. As a result, the testing becomes a

slightly unfair.

* Sample efficiency of model-free RL algorithms: All the model-free RL
methods suffer from the sample inefficiency problem [34, 100]. There are
multiple reasons for the sample inefficiency of these algorithms [35]. The
SAC algorithm used in this work is known for its sample efficiency [35]
compared to other algorithms in the domain. However, it still suffers from
the sample-inefficiency problem when compared to the model-based meth-
ods. As aresult, the algorithm has to interact with the environment to collect
millions of training samples which could increase the overall training time
by a great extent. Therefore, proper measures must be taken to resolve the

sample inefficiency problem.

5.4 Future Directions

The future directions from this work arise from the limitations and the simplifi-
cations of the current architecture. For instance, as described in chapter ??, we
overlooked the ability to transition from feedforward to feedback smoothly in our
RL architecture. Similarly, there are multiple future directions which are discussed

as follows:

* Lack of next state prediction: Feedforward control with predictive state es-
timation given the current state (for example, limb’s position and velocity) is
a common practice in modeling the human motor systems [73]. It allows the
system to calculate an error signal which can be used as a form of feedback
even before the sensory feedback is available [97]. At present, our feedfor-
ward network does not predict the next state given the current state; instead,

it waits for the actuator to get to equilibrium. This would introduce latency
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and other problems in the system, which could be avoided by enabling the

feedforward network to predict the next state.

Simplified feedback design: At the moment, our architecture has learned
feedforward control. However, it is essential to note that our controller can
still correct the error using reinforcement. Nevertheless, the corrections
made by our controller are different from the way of corrective strategy
in humans. Therefore, it can be established that the feedback strategy in
the current architecture is a simplified version of the feedback that is avail-
able in the human motor system. In motor theory, there are mainly two
types of feedback: intrinsic and extrinsic [7]. While the intrinsic is said to
be reinforcement, extrinsic feedback is the feedback from a supervisor or
teacher [75]. The extrinsic feedback can be used to switch to the feedback
control before the sensory feedback is available [97] and to improve the in-
trinsic feedback, reinforcement [7]. However, our architecture is based on
intrinsic (reinforcement) feedback rather than extrinsic. Therefore, our ar-
chitecture can not account for the extrinsic feedback. So, it is reasonable to

include supervisory feedback as well in the architecture.

Prediction of next state using feedforward: Computational models for
motor control include the estimation of the next state [47] in the design.
Enabling the ability to predict the next state offers some advantages. First,
this prediction can be used to create a form of feedback that can be used to
correct, faster than sensory feedback. Second, this can be used as a deciding
factor for the controller to switch to feedback control. Once the switching
mechanism is modeled, the controller can exhibit speed-accuracy tradeoff
(SAT), which is observed in humans [50].

Speed Accuracy Tradeoff (SAT): The main advantage of predicting the
next state, as explained previously, is that it would allow the system to ex-
hibit the speed accuracy-tradeoff (SAT) mechanism [50]. Because the pre-
diction of the next state can be used to notify the system when the controller’s
pre-programmed motor command estimates are going off track (for example,

overshooting the target). Then, the system can decide to switch to feedback
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control to generate corrections to reach the target. However, it is not possible
if the system has to wait for the actuator’s equilibrium every time. Addition-
ally, it might speed up the learning process as it avoids the delay induced
due to the equilibrium. Overall, exhibiting SAT signifies that the controller

operates like humans and can build human-level intelligent agents.

Inability to generate multi-control strategy: One limitation in our archi-
tecture is that model-free RL algorithms can not learn multiple control strate-
gies at the same time. For example, simultaneously learning both feedfor-
ward and feedback controls can not be achieved. Therefore, it poses a chal-
lenge to enable the controller to generate human-like corrective movements.
However, to make our architecture emulate the human motor behavior, it
is imperative that the controller must learn both feedforward and feedback

control strategies [45].

Index of Difficulty: Our analysis of the feedforward controller’s perfor-
mance has revealed that the noise present in the motor system impacts the
difficulty of the task. It brings the question: what is the correct formula-
tion for the index of difficulty (ID) that models the effect of motor noise.
Hence, this opens up an opportunity to conduct studies on human subjects to
investigate the effect of motor noise and deduce the ID formulation that is a
function of distance (A), target width, and the amount of uncertainty in the

system.

Motor program: Another future direction is predicting a motor program
(sequence of motor commands) rather than a single motor command. The
motor program is responsible for the generation of movements in humans [50].
Enabling the controller to predict a sequence of co-activation at every time
step would speed up the learning process. Because, in the typical RL-framework,
to execute n motor commands, the controller interacts » number of times
with the environment. If the controller can roll out a n length motor program

at a time instance ¢, the whole program can be communicated to the environ-
ment and applied in one shot. So, the number of environmental interactions

can be reduced, speeding up the learning process.
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5.5 Concluding Remarks

Overall, this work solved the learning of the feedforward control problem with
some simplifications while highlighting many challenges in this research domain.
These challenges must be addressed as solving these can create learning models
that respect the motor principles (for example, speed accuracy-tradeoff) observed
in humans. Additionally, this thesis exposed various limitations of the current ar-
chitecture and its impediments to building learning models that emulate human
behavior. Solving these roadblocks can help researchers accomplish further ad-
vancements in creating end-to-end learning agents that can yield human-level per-

formance in motor tasks.
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Appendix A

Supporting Materials

A.1 2-Muscle mechanical system
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Figure A.1: Point-To-Point model represented as a two spring mass damper
model. An object with mass M is coupled with two identical springs
pulling the object by activating the springs.

The muscle model used in our work is essentially a spring-mass-damper sys-

tem. As shown in Figure A.1, the muscles are represented as spring with dampers
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joined with a mass object. Let us assume that F is an external force which is an
active component of the muscles. Assuming the external force is equal to zero, i,e.,

F =0, then the equilibrium equation is:

F =mi+ (dy +da)x+ (ki + ka)x = mi+ (D)x+ (K)x=0 (A.1)

where D and K are the effective damping and stiffness coefficient of the springs
respectively. Let us define { is damping ratio that determines the stability of the
system which is defined as —2— and natural frequency as the ®, = \/g . The

2VKM
equation A.1 is a homogeneous ode equation that can be solved to get complemen-

tary function solution Ycr. Depending up on the damping ratio §, the behavior of
the system depends. If { = 1, then the system is critically damped, { < 1 under-
damped, and § > 1 over-damped. Setting up the system to be critically damped is a
common practice in control theory. The solution to the equation A.1 is as follows:

x(t) = G185V + Gpe™! (A.2)

where S1, = (- £ /> — 1w,

Now, the equation for the cases where external force is not zero, the equa-
tion can be written with the help of linear axial muscle equation described in Ar-

tiSynth []. The linear muscle equation is shown in A.3

. ! 5
F(X,X) = (afmax +fpassivefmax)x +dx (A3)
where x’ is defined as X’ = ——2— f,... is the maximum force, Fpassive 18 the
Xmax xopt

proportion of f,,, to apply as passive tension, and a(z) are the muscle activations.
Equation A.3 has an active component, passive and friction component. For
writing the equation for external force, the active component af,u.x’ is utilized.

Then the net external force becomes ff“’"’e — ff“ive. Now, the final equation can

be written as follows:

fzactive _ flactive = frnax (aZXIZ — alxll) (A4)
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Jmax (a2x/2 - alx,l) =mX+ (D)x + (K)x (A.5)

The equation is in the form of non-homogeneous ode and it can be solve to get
the particular solution Ypg via techniques to solve non-homogeneous ode. Then the
complete solution becomes Yg5 = Ycr + Yps.

This problem of solving for the kinematics given activations is referred to as
forward problem and the solution can be obtained by solving the above second-
order differential equation. However, the inverse problem is relatively complicated

and there has been some research done on this problem.

A.1.1 Equilibrium-point Analysis

In this work, fundamentally we deal with the required co-activation values to reach
a particular target present at a particular point in the kinematic space. This problem
is generally referred to as inverse problem [3, 32]. It is still a burning and very cru-
cial research problem that needs to be solved. We take a DeepRL approach to solve
this problem. However, there should be some baseline to compare to the DeepRL
based approach. For this purpose, we conducted a grid search with our muscle
model where multiple samples of activation-displacement data has been collected.
This data collection involves generating the various combinations of co-activation
values. All these combinations are applied in a serial fashion and the corresponding
displacement values are collected. At ¢ = 0, the muscle model starts activating the
actuator and the activations stay active till it reaches the equilibrium.Like this, we
collected 10,000 samples to form a database. From this database, the low magni-
tude co-activations were filtered out and the relationship between the co-activation
and the actuator displacement is shown in Figure A.2. As a result, we found that the
relationship between the activation and the distance travelled by the controller is
quadratic in nature as shown in the Figure A.2. This process is also called mapping
the activations to kinematics.

It is important to note that the inverse mapping is many-to-one problem. In
other words, there can be many possible co-activation values leading to the same
position in the kinematic space. Here, we assumed that the targets are present on

the right side of the controller. As this a many-to-one problem, imposing certain
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Figure A.2: The behavior of the system to reach a particular point in the kine-
matic space with the least activations condition.

constraints on the system can result into unique solution. So, we imposed the
least activations constraint. Therefore, the left muscle activation is expected to be
minimum (i.e., 0.0) and the right muscle is activated to reach a particular point.
The y-axis shown in the graph A.2 represents the net activation required or the

minimum activation for the right muscle.

A.2 Deep Reinforcement Learning

A.2.1 Introduction to Reinforcement Learning

Reinforcement Learning (RL) is one of the machine learning strategies in the Ar-
tificial Intelligence (AI) research domain alongside supervised learning and un-

supervised learning. RL involves building a computational approach to learning
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from interaction with the environment. This learning from interaction deals with
mapping the situations (states) to maximize a reward signal. This framework is
often referred to as Learning by Reinforcement or Reinforcement Learning. This
learning technique is somewhere in between supervised and unsupervised learning.
RL is different because the agent collects the data samples from the environment
depending on the reward signal; unlike in the supervised approach, the agent has
access to the annotated data by an external expert. Moreover, it is distinct from un-
supervised learning because the agent determines actions that return the maximum
reward instead of finding the hidden representations of the available unlabeled data
(offline data collection). Data required for training is collected during the training
process (online data collection). Hence, there is a necessity to trade-off between
exploration and exploitation, which is absent in other learning strategies. We dis-
cuss how this problem can be solved in the later sections. In summary, the RL
system is essentially a closed-loop control system with a reward signal acting as
feedback where the agent maps the states to actions through maximizing the reward

signal.

A.2.2 RL Framework

Generally, in any RL setup, the primary components are the agent and the environ-
ment. At each step ¢, the agent executes action «, in the environment and receives
the state s; and a reward signal which is a function of the action executed and the

resultant state. Fig. 2.1 shows a diagrammatic representation of this framework.

A.2.3 Deep Reinforcement Learning

Deep neural networks coupled with Reinforcement Learning gives rise to a promis-
ing domain called Deep Reinforcement Learning. Deep neural networks are gener-
ally utilized to approximate non-linear functions such as Value-function and State-
action function (Q-function). Hence, in this domain, deep neural networks are
sometimes referred to as function approximators. Deep neural networks have
shown promising performance in function approximating that helped reinforce-
ment learning to solve various tasks in various domains. Notably, DeepRL ar-

chitectures have solved various motor control tasks such as gait analysis, muscle
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A.2.4 Components of DeepRL

Agent

An agent is a program that interacts with the environment by applying specific
actions, collecting observations, and receiving rewards for the actions performed.
In the DeepRL framework, the agent is a deep neural network that can map ob-
servations to either a value of the state-action pair or explicitly to actions (policy)

parameterized by the weights.

Episode

The main theme of RL is built on maximizing the reward the agent receives during
an episode. An episode is a sequence of states, actions, and rewards that comes
between an initial-state and a terminal-state. The terminal state is when the agent

succeeds in the task. The training of DeepRL occurs in an episodic fashion.

Policy

The policy is defined as the agent’s behavior given a state s. In DeepRL notation,
a policy is denoted by 7, which means a policy m parameterized by the neural
network weights 0. It can also be seen as a mapping function that can map the

state s to the agent’s action a. Mainly, the policy is categorized into two types:

* Deterministic; denoted by g (s) = a.

* Stochastic; denoted by 7y (als) = Pr[A = a|S = s].

Value Function

The value function is a metric to measure how beneficial a state or an action is
by predicting estimated return. Return is a total sum of discounted rewards going

forward. The formulation of return G, starting from ¢ is given by equation 2.1

G =Riy1+YRea+ =Y YRiirn (A.6)
k=0
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Now, the state-value function of a state is the expected return at a time instance

¢ and a state s as denoted in equation 2.2
Vz(s) = Ez[G/|S;: = s (A.7)
Similarly, Q-value (action-value) function is given by equation 2.3

Ox(s,a) = Ez[G:|S; = 5,A; = a] (A.8)

Moreover, the state-value function can be recovered from the action-value func-
tion by utilizing the policy (probability distribution over actions) as shown in equa-
tion 2.4:

Ve(s) = Z Or(s,a)mg(als) (A.9)

acA

Also, we can define an advantage function (A-value) as shown in equation 2.5:

Ar(s,a) = Qxn(s,a) — Vz(s) (A.10)

Using the advantage function has its perks which will be discussed in the later
sections.

Since the objective is to find the optimal value and optimal policy that results
in maximum return, using the above equations, we can define the optimal value

and policy as follows:

Vi(s) = max Vr(s)

Q. (s,a) = max Or(s,a)

(A.11)

7, = argmax Vg (s)
T

(A.12)
7, = argmax Q(s,a)
/4
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Reward

The reward is the central aspect of any model-free RL framework. It is a scalar
value that can be obtained densely or sparsely. The idea of the reward is to provide
feedback on the agent’s recent activity. Moreover, the reward is local, i.e., it reflects
the agent’s success due to the latest action predictions. So, an agent always looking
to reinforce by performing actions that result in larger rewards may face a problem
in the future and end up learning a bad policy. Therefore, the agent’s objective

should be to attain the maximum accumulated reward over its sequence of actions.

Observations

Apart from reward, observations of the environment are other sources of informa-
tion for the agent to learn. Important to note here is that there is a subtle difference
between the state and observation. The state of an environment could include all
the information about all possible future states’ transition probabilities, given the
current state. On the other hand, observation is a less informative version of the
state which provides some information to the agent around the future states, given

the current state.
A.2.5 Taxonomy of Deep Reinforcement Learning Algorithms

Model-Free vs. Model-Based RL

One of the main aspects in classifying the algorithm type is; whether the agent
has prior knowledge of the system or the environment dynamics (model). Algo-
rithms that take advantage of the model are called model-based. Algorithms where
the model is unknown and the agent has to learn solely based on the experience
are called Model-Free methods. Choosing between these two main classes is a
bit challenging task. Most of the time, the system dynamics are not known to the
agent. Hence, this led to the extensive development and popularity of the model-
free methods, although they are sample inefficient. As discussed in the Chapter
1, the neural regime that is responsible for all the motor control processes in-
cluding speed-accuracy tradeoff is basal ganglia where these processes occur by

maximizing the reward. The objective of model-based RL is to optimize a cost
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Figure A.5: Taxonomy of RL Algorithms

function rather than a reward function. Model-Free RL methods’ objective is to de-
termine the optimal action that results in maximum reward. Hence, model-free RL
is more suitable and close to the motor control process occur in humans. Further,
model-free methods are simple compared to model-based as model-based require
kinematic-error to train, whereas model-free methods require a simple yet pow-
erful terminal reinforcement. Therefore, in this work, to address our challenging
problem, we opted to take leverage of model-free methods due to their simplicity.

A simple classification of RL algorithms was depicted in Fig 2.2.

A.3 Algorithms in Model-Free RL

Algorithms in Model-Free RL are of mainly two types: 1. Value-based learning 2.
policy-based learning In this section, we discuss some of the important algorithms

based on policy-based and value-based learning.
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Q-learning Methods

Bellman Equations: Bellman equations lay the foundation for value-based learn-
ing. He proved that the bellman equations provide the optimal value function. To
understand this, consider a simple Markov decision process (MDP) as shown in

Figure A.6 and decompose the value function into their recursive form:

(s,a)

Figure A.6: A stochastic MDP

V(s) =E[R11+ YV (Si+1)|S =] (A.13)
Q(Saa) = E[Rt+1 + YannQ(St+1;a)|Sz =5,A = a] (A.14)

Furthermore, extending the V and Q by following the policy & gives us the

following equations.
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= Zn(a]s)( s,a +yZP V(s ) (A.15)

acA s'es

Or(s,a) :R(s,a)—f—yz Z n(d'|s)Qxr (s, a) (A.16)

s'eS a'eA
Now, from the bellman optimal equation theorem, the optimum state-value
and action-value are given by the following equations, which looks very similar to

equations 2.11 and 2.12:

Vi(s) = max( s,a)+7 Y PAVi(s ) (A.17)
s'es
Ox(s,a) = R(s,a) +7 ) Pymax 0.(s',a') (A.18)
s'es

One important thing is, transition probabilities are not always known. So we
can not directly take advantage of the bellman equations. However, these equations
provide fundamental background for many of the algorithms, which can be seen in

the later sections.

Q-Learning: Q-learning is an off-policy RL algorithm aiming to find a policy
that maximizes the future return by optimizing the Q-function. It is off-policy
because this algorithm selects actions with the best Q-values rather than depending
explicitly on the current policy. In an algorithm, the agent can exploit or explore
the environment. Exploiting is to take the actions with maximum Q-value from a
look-up table as the reference. Exploring is to apply random actions which allow
the agent to explore. Both exploitation and exploration are essential for the agent
to perform well, and it is crucial to have an appropriate balance between these
two processes. The parameter epsilon € is maintained to have a trade-off between
exploration and exploitation. Depending upon the epsilon parameter, either action
with maximum Q-value or random actions is chosen. The algorithm of Q-learning

is four-fold:

* At time step ¢, start from state S; with an empty Q table, choose the action

A; according to the epsilon parameter.
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* By applying action A; to environment, obtain the next state S;;i, reward
Riy1.

» Update the Q function using the following update rule:
0(S1,A1) «— (1= @)Q(S;,A) + & (Riot + ymax Q(S,41,0))  (A19)

* Increment the time step and repeat from step 1 until convergence.

Even though, Q algorithm has shown promising results for the environments
with low-dimensional state-action space. It is not feasible to store Q-values for
all state-action pairs, mainly when the state and action space is high-dimensional.

This drawback has been addressed with the Deep Q-learning algorithm.

Deep Q-Learning: In Q-learning, one of the primary drawbacks is unable to
memorize optimal Q-values for all the state-action pairs in the case of large state-
action spaces. This problem can be solved by learning to approximate a mapping
function that can map state-action pairs to the optimal Q-values. General prac-
tice is to deploy a deep neural network with parameter 6 for the approximation of
Q-value function, which is denoted by Q(s,a;0). However, in practice, When Q-
learning is coupled with non-linear function approximators (neural networks), the
algorithm suffers from severe instability and divergence problems during training.
These problems are addressed and solved in Deep Q-Network paper [63] which
improvised and stabilized the training performance to a great extent by introducing

two techniques, “Experience Replay” and “Periodic Update of Target Network.”

Experience Replay: The primary reason for divergence during training is the
correlation among the observation sequences. This issue can be solved by introduc-
ing an experience replay buffer and drawing samples randomly. Every observation
tuple (S;,A;,R;,S;+1) in an episode at a time step ¢ is stored in a memory buffer
D. Sampling the replay buffer data makes the data independent and identically
distributed (IID) and maintains smoothness in the data distribution. Moreover,
maintaining IID data satisfies the fundamental requirement of the stochastic gradi-
ent optimization technique. It helps in stabilizing the learning process of the neural

networks.

114



Target Q-Network: The main reason for the instability during training is re-
lated to the correlation between samples, which creates an issue for the Bellman
equation estimation. It provides us the value of Q(s,a) via Q(s,a’) which is re-
ferred to as bootstrapping. However, both states s and s’ are very similar since they
have only one step between them, and it is incredibly hard for the neural networks
to distinguish between them. Therefore, updating our network parameters to make
our predicted Q(s,a) closer to the desired value, the Q(s',a’) value can be altered
implicitly. It is a concern due to the change of Q(s’,d’) in the Bellman equation,
and as a result, this can bring much instability in the training process. The solution
is to maintain a target network, where we clone the Q-network and use it for the
Q(s',d’) value in the Bellman equation. This network is periodically updated with
the main Q-network every C step, bringing stability to the training process. The

algorithm given in terms of pseudo-code can be found in [63].

Overall, there are many variants of DQN [29, 74, 93] to improve the algo-
rithm’s performance. However, one main point here to note is Deep Q-Networks
can only be applied to discrete space. It can not be applied to continuous space en-
vironments. Although DQN was successfully extended to continuous spaces [32],
many powerful algorithms based on the policy gradient approach were introduced

to deal with continuous spaces.

Policy Gradient Methods

In Q-learning, the current policy of the agent is dictated by the value functions.
However, there is an alternative where we can directly optimize the agent’s policy
rather than determining optimal value-functions. The main aim of any reinforce-
ment learning strategy is to find an optimal policy of an agent that maximizes
rewards. These methods’ objective is to model and optimize the policy. The policy
is parameterized by the neural network’s weights/parameters 6 that can be updated
to learn the optimal course of actions (policy). The objective function in terms of

policy that can be utilized to optimize 6 is denoted as follows:

J(0) =Y d*(s)V(s) =Y d"(s) Y mo(als)Q"(s,a) (A.20)

seS seS acA
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where d”(s) is the stationary distribution of Markov chain for g (policy distri-
bution parameterized by 6) As the name suggests, applying the gradient to equation
2.15 and utilizing gradient ascent, finding the best set of parameters for the policy
distribution provides a maximum return. However, it is not easy to calculate the
gradient VJ(0) as it is dependant on both the actions and the model of the environ-
ment, which is not generally known. Fortunately, this problem is solved by policy
gradient theorem, which simplifies the computation of the gradient VoJ(6). This

theorem-proof is detailed in [86] and the following equation gives the gradient:

VoJ(0) =E;[Q"(s,a)VgInmy(als)] (A.21)

The policy gradient theorem is fundamental to many policy gradient algo-
rithms. Many algorithms introduced minor changes in the above policy gradient
equation since the vanilla version results in a high variance in gradient updates.

This issue is discussed more in the following sections.

Reinforce: Reinforce is a simple technique that takes the advantage of expected
return. Consider the policy gradient equation and rearrange in terms of expected
return:

VoJ(0) =Ez[G,Vglnmy(als)) (A.22)

In reinforce algorithm, the major point to understand is to calculate the expected
return G; from the collected trajectories. Furthermore, this can be utilized to update

our policy gradient.

* Initialize the policy 7(a|s) with random parameters 6.
* Obtain and store transition tuples (S;,A;,R;,S;) using policy mg.
* For every step ¢ in the trajectory, estimate expected return G;.

» Update policy parameters using the following equation:

0 «— 0+ ayG,Velnmy(als) (A.23)

* Repeat from step 2 until convergence.
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One of the main setbacks of the algorithm is the high variance in the gradient
updates. It is mainly due to the Q-value estimate. Therefore, to reduce the variance
of gradient estimation, advantage estimate A(s,a) = Q(s,a) —V (s). The same trick

has been used extensively utilized in more advanced algorithms as well.

Actor Critic Architecture: Actor-Critic architecture is a core component in many
popular model-free algorithms, which improved the vanilla policy gradient method’s
performance. From the vanilla policy gradient, it is evident that the main compo-
nent is the policy model and the scaling component value function. If a Q-value
estimate is used, it results in a high variance of the gradient estimates, which causes
divergence issues. So, an advantage estimate was utilized to reduce the variance in
reinforce method. Learning to estimate the value-function can help a lot as it helps
in reducing the variance in the gradient updates. Therefore, in Actor-Critic archi-
tecture, we maintain a neural network called “Critic” that can provide estimates
of the value function. Actor-network updates the parameters 6 and returning the
probability distribution of actions in the direction suggested by the critic-network.
Vanilla actor-critic and reinforce collect data points according to the target pol-
icy, which should be optimized. However, combining some of the techniques used
in Off-policy methods have proven to be useful. First, maintaining an experience
replay buffer allows the agent to use past samples, which increases the sample ef-
ficiency. Also, the agent can have better exploration since the data collection is
followed by behavioral policy rather than target policy. It adds a new component
to the on-policy gradient equation making the objective function into an off-policy

gradient equation, as shown below.

1(0) =Y d(s) Y O%(s,a)ms(als) = E, s [ y Q”(s,a)n'e(a|s)} (A24)

seS acA acA

Now, rearranging the gradient equation is given below:

7o (als)

Blals)

Vol (0) =Ejp { 0% (s5,a)VIn g (a\s)} (A.25)
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where dP (s) is the stationary distribution of the behavior policy B and 7;;’(5"‘;)) is

commonly referred to as importance weight. Since it is hard to compute the gradi-
ent of Q-value, it can be ignored without much damage to algorithm performance
and it was proved in [17].

Q™ is the action-value function estimated with respect to the target policy @

There are various representations of the gradient, which helps to reduce the
variance in the gradient estimates. However, the actor-critic architecture is the
fundamental component to many advanced algorithms such as Deep Deterministic
Policy Gradient (DDPG), Soft Actor-Critic (SAC).

Deep Deterministic Policy Gradients: 1t is crucial to discuss Deterministic Pol-
icy gradients (DPG) to understand Deep Deterministic Policy Gradients (DDPG).
In the previous methods so far, we modeled our policy as a probability distribution
over actions A given the current state. This way of modeling the policy is called
stochastic. Another way is to model our policy as deterministic, where our policy
directly outputs the desired action values. It is usually denoted by p(s). Now, the

objective function in terms of the deterministic policy can be written as:

5(0) = [ p*(5)0(s.110())ds (A.26)

Where p*(s) is the probability of the agent’s visitation to the next state given the
current state and Q(s, g (s) is the Q-value given a deterministic policy.
The gradient for the above equation can be calculated as below using the derivative

product rule:

VQJ(G) = Es~p” [VQQ(S,a)Ve/Jg (s)‘a:ug(s)] (A.27)

The above gradient is called deterministic policy gradient (DPG) since the pol-
icy is deterministic. This deterministic policy can be viewed as a particular case of
the stochastic policy. In DPG paper [83], it was proved that deterministic policy is
a particular case of stochastic. However, there is a caveat here that is important for
the agent’s performance. Since the policy is deterministic, it is hard for the agent

to explore unless there is enough noise coupled with the environment. Therefore,
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general practice is to add noise process to the policy that enables the agent to do
enough exploration, i.e., i(s) + .4 where € is the scaling factor for noise and .4
is the Ornstein-Uhlenbeck noise process. DDPG is a mode-free off-policy algo-
rithm based on Actor-Critic architecture, which combines the advantages of both
DQN and DPG. Below is the algorithm from the paper DDPG.
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Algorithm 1 DDPG algorithm

Randomly initialize critic network Q(s,a|09) and actor u(s|6*) with weights 8¢
and 6*.

Initialize target network @’ and 1’ with weights 02 +— 62, 0% «— OH. Initialize

replay buffer R

for episode = 1, M do
Initialize a random process .4~ for action exploration. Receive initial observa-

tion state s

forr=1,Tdo

Select action a, = u(s;|60*) + A4 according to the current policy and ex-
ploration noise. Execute action a; and observe reward r; and observe new

state s, 1.

Store transition (s;,ay,7,5:+1) in R. Sample a random minibatch of N tran-
sitions (sl-,a,-,ri,s,-ﬂ) inR. Sety; =r;+ '}/Q/(Slurl,‘u/(s,url |9#/)|9Q/) Update

critic by minimizing the loss:

1

L= Nzi‘,()’i - Q(Siaaiwg))z

Update the actor policy using the sampled policy gradient:
! 0
Voul = NZVaQ(S,aW N s=si.a=(s)V gu p(5168) 5
4
Update the target networks:
09 «— 169+ (1—1)6¢

0" +— 762+ (1—1)6*

end

end

There are also many DeepRL algorithms [78, 79] based on policy optimization
techniques that can solve the control problem. However, the methodology we used

in our work is not very critical to understand these methods.
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