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Abstract

Collaborative robots of today are distinguished from traditional industrial robots by
the fact that they can work safely hand in hand with humans. They can slow down
or stop when people come too close, collide without causing injuries and be guided
to move in directions directly imposed by a person. To augment the collaboration,
this thesis proves that RL can be utilized to make a robot observe patterns in the
simulated behavior of a human operator and learn how to adapt its own motions
in order to optimize the assembly process. This can be combined with learning
different optimized assembly sequences depending on the learned preferences of the
human operator. To achieve this, tabular Q-learning, linear- and nonlinear function
approximation have been evaluated. Furthermore, challenges and possibilities of
shorten training process through parallelization have been investigated.

The results suggest that tabular Q-learning finds the global optimum faster than
both function approximation methods. However, Q-learning with nonlinear func-
tion approximation has the ability to generalize to an unlimited number of human
behaviour profiles, which is unreasonable with both linear function approximation
and tabular Q-learning. Furthermore, different parallelization strategies such as cen-
tralized/distributed learning coupled with synchronized/asynchronous actors have
successfully been implemented and compared. Although some results remain incon-
clusive, it is clear that all strategies have the ability to speed up learning and increase
model accuracy while they compare differently depending on the problem complexity
and the number of parallel training instances. It has been found that faster con-
vergence using parallelization correlates with larger error, which distinguishes the
distributed synchronized learning strategy that explores more intelligently than the
asynchronous counterpart. The choice of strategy becomes increasingly important
for more complex problems and higher number of instances.

The learning algorithms have been applied to a simulated environment in Robot-
Studio. However, identical communication tools between the learning agent and
the robot controller has been found possible to use for both the virtual robot and
the real robot which simplifies transferability. The results combined are promising
and motivate continued research to advance the development of the next level of
intelligent robots.

Keywords: Artificial Intelligence, Machine Learning, Reinforcement learning, Col-
laborative robots, Closed loop manufacturing
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1
Introduction

Companies like ABB, GE, Siemens, Intel, Funac, Kuka, Bosch, NVIDIA and Mi-
crosoft are all investing substantially inmachine learning(ML) approaches to make
their manufacturing processes more e�cient [1], [2]. Simultaneously, a similar in-
vestment is seen in collaborative assembly stations where companies like ABB, Kuka
and Festo see this as another way to improve their manufacturing systems [3]. In
those collaborative stations, the conventional way of an operator learning how to
optimally assemble a product together with a robot is expensive since there usually
are many possible actions and �nding the sequence of actions that e�ciently pro-
duces a high quality product takes time and e�ort. Additionally, if the operator �nds
an optimal solution, it will still only have been tailored for that speci�c operator
and other operators would have to �nd their own optimal strategies. However, one
can imagine a corresponding computational approach where an algorithm teaches
the collaborative robot to �nd optimal strategies for di�erent kinds of operators
and products by testing actions in a simulated environment, and in e�ect creating
an intelligent collaborative robot. In this thesis, the use ofreinforcement learning
(RL) is evaluated to achieve this, where an algorithm can learn which action to
take given a certain situation in order to maximize or minimize a numerical reward
signal [4]. Reward signals in production applications may be production lead time,
which should be minimized, or some quality measure to be maximized by choosing
di�erent actions such as options among feasible assembly operations.

Sutton, Barto and Bach [4] write that an RL method is suitable for problems with
the following three aspects; sensation, action and goal. They explain that a learn-
ing agent, also called a learner, must sense the state of its environment, be able
to take actions that a�ect the state and it must have a goal related to the state.
This relates closely to what O'Hare [5] describes as key aspects of productivity
and closed loop manufacturing. He writes that in manufacturing systems, there are
three factors with vast impact on productivity; �sensing, thinking and acting�. By
integrating manufacturing intelligence tools in a strategic way, the tools assist in
collecting and understanding data, implementing changes to a manufacturing facil-
ity and e�ectively achieving a closed loop manufacturing system. The term closed
loop manufacturing itself carries certain ambiguity as it is widely used and di�erent
de�nitions can be found. In this project the term was used when data collected
from a manufacturing facility is processed by a machine learning algorithm which

1



1. Introduction

produces a result that is implemented in the factory. While the aforementioned
aspects are de�ned for the physical world, this project realizes the same closed loop
process with RL in a simulated environment and builds a solid foundation for possi-
ble expansion into real world closed loop manufacturing. The reason why the closed
loop is realized in the simulated environment instead of directly to the real one, is
because of the fact that implementing new ideas and methods in physical processes
and stations frequently takes more time and money and has a high probability of
equipment errors. Furthermore, developing the solutions in a simulated environment
allows expansion and �exibility that is not possible in the real world, e.g. running
multiple simulation instances at the same time is considerably easier than building
multiple assembly stations and doing the same. It is therefore more valuable to ini-
tially develop the simulated closed loop, experiment and explore using it, and then
implement those �ndings in the real world.

1.1 Project purpose and overview

In accordance to the previous section, the purpose of this project is to investigate
the possibility of using RL to improve manufacturing processes by automatizing the
identi�cation of optimal assembly sequences in collaborative stations and enabling
simulated closed loop manufacturing. Since e�ciency is a key aspect of this project,
the ability to identify the optimal sequences as fast as possible is also desired. The
most promising way to do this is to use parallel simulation instances, because those
can essentially be in�nitely duplicated.

To encapsulate the purpose of this project, the following three research questions
have been developed that this thesis will answer:

1. Can RL be used on a simulation model of a real assembly station to create
a simulated closed loop manufacturing system? What is required so that the
simulated closed loop can be transferred to the real system and a true closed
loop manufacturing system be achieved?

2. Is it possible to teach a collaborative robot both an assembly sequence for a
product and to recognize patterns in the behavior of a human operator and
adapt to them, �nding the optimal sequence of actions to assemble a product
for di�erent kinds of operators? Are there di�erent strategies that are better
suited for certain scenarios? How do these strategies compare to traditional
optimization methods?

3. How much can the data gathering, learning and exploration of the RL algo-
rithm be improved by using parallel simulation instances? How should the
parallel instances communicate in order to optimize e�ciency and results?

In order to answer these questions, the thesis has been divided into three intrinsically
distinct parts. In Section 3, a simulation model in RobotStudio is presented with
the purpose of evaluating product assembly optimization. In consonance with the

2



1. Introduction

aspects mentioned by Sutton et al, the simulation model allowed the agent to sense
the current state of the ongoing assembly, choose an action or an assembly operation
based on the state and its experience a�ecting the environment and being able to
reach the goal state which was a complete and correct assembly of the product. The
result of the RL algorithm is an optimal operation sequence that determined the
best action for each state. The second part, in Section 4, investigates parallelization
using di�erent orchestration strategies to merge and control the parallel simulation
instances. The same model as in Section 3 was used in order to have easier modi�-
cation and implementation possibilities. Convergence time and error was compared
between 1, 5 and 10 parallel instances using the di�erent orchestration strategies.
Section 5 is the third part of the thesis and it concerns the implementation of dif-
ferent RL algorithms to teach a collaborative robot to adapt to varying operator
pro�les. For this part, a model was created based on a physical collaborative as-
sembly station developed through a strategic alliance between Smarta Fabriker and
ABB. This model was used for investigating both closed loop manufacturing sys-
tems with increased transferability to the physical assembly station, and which RL
algorithms were suitable for human behavioral adaptation.

1.2 Scope and implementation

To provide more detail to the overview of the project described in the previous
section, a basic explanation of the implementation of the project's di�erent parts is
presented below. These refer to sections 3, 4 and 5 respectively.

Learning optimal product assembly sequence A model consisting of a YuMi
robot with the ability to pick four boxes from di�erent locations and place
them at one of four eligible locations was developed. The boxes are hollow
and open at the bottom so that a smaller box placed on top of a larger box
builds a tower but not vice versa. In the model there are sensors at four
di�erent heights on solely one location and the goal is to activate all sensors.
Due to the construction of the boxes and the placement of the sensors, this can
only be achieved by picking and placing the boxes in the correct sequence on
the correct location. With no information about the sensors and the geometry
of the boxes an RL algorithm will learn how to achieve this goal.

Parallelization in reinforcement learning applications Since the simulation
of actions is the main bottleneck in the learning process, issues and possi-
bilities concerning multiple parallel training instances has been investigated.
For this, the model described above was used together with virtual machines
(VM) on Azure's cloud service, making it easy to simulate many parallel in-
stances of RobotStudio and observe the e�ect of di�erent learning strategies
for di�erent problem complexities.

Training adaptable robot for collaborative assembly A simulation model rep-
resenting the assembly station developed and built by Smarta Fabriker was
created. In the RL algorithm for this model, states carried information about

3



1. Introduction

the assembly progression along with observations of the human operator that
cooperated with the robot in the assembly. These observations served as a
basis for the robot to choose actions best suited to the particular operator.
In the station a YuMi robot and a human operator assemble a product con-
sisting of three product parts, two springs and three screws. The product has
no practical value but was constructed to demonstrate a collaborative process
between a human and a robot.

The algorithms used in the models mentioned above have been trained on speci�c
products and in speci�c environments. They can therefore not be directly used in
other applications. However, the underlying ideas and the conclusions reached from
these speci�c applications may be generalized to other scenarios. Simulation speed,
number of parallel instances, data storage and processing are limited to the capacity
of the VM available in Azure within the budget given by Smarta Fabriker. Further-
more, the assembly sequences that are generated by the algorithms will be based
on factors such as maximizing the number of activated sensors, minimizing pro-
duction lead time and synchronizing simultaneous operations. Note that anything
measurable could be a possible factor to a�ect the outcome of the algorithms.

4



2
Background

The theoretical background for this thesis is primarily rooted in the �eld of RL,
however it also relates to general ML theories used in the di�erent implementations
of the RL algorithm. Three of the most basic methods for implementing RL is
dynamic programming, Monte Carlo methods and temporal di�erence learning [4].
Dynamic programming requires full knowledge of the environment which makes it
impractical for the applications in this project, specially because it is di�cult or even
impossible to de�ne a complete and accurate model of how an operator behaves in
an assembly station. Further, Silver compares Monte Carlo and temporal di�erence
methods and points out that TD-methods are a bit biased and sensitive to the initial
values but usually more e�cient than Monte Carlo [6]. TD is also fully incremental
which is advantageous in this project with tedious actions. For a more exhaustive
exposition of the models, the reader is advised to read the bookReinforcement
learning - An Introduction by Sutton, Barto and Bach [4].

More speci�cally, Q-learning will be explained and implemented in this project,
which is the most common TD method to implement RL. In order to evaluate the
advantages of this approach, there is a need to cover theories behind traditional
optimization and planning and place this project in the context of the �eld today.

2.1 Tabular Q-learning

One can implement RL in multiple ways, with one of the most established methods
being Q-learning in which each action relates to a quality value that reveals how good
it is to do that action in a certain state. To understand the algorithm, a number of
terms will be explained:reward, policy, value-function and action-valueor Q-value.
This exposition can be compared to [4, Chapter 1.3 and 6.5]. The idea behind the
reward function is that the algorithm should get positive reinforcement for doing
things well as de�ned by the programmer. The value function describes how good a
particular state is, which in turn is decided by how much reward is attainable from
that state. The policy of the algorithm is what determines with what probability
certain actions will be conducted at certain states. One common policy is the� -
greedy policy. The idea is that at any state with probability � choose an action
randomly, and therefore with probability 1 � � choose an action that maximizes the

5



2. Background

Q-values. One uses this policy so as to avoid local optima and to combine both
exploration and exploitation. Finally, the Q-value function is to actions what the
value function is to states, i.e. it tells how much reward can be attained from doing
a certain action.

Q-learning is an o�-policy temporal di�erence (TD) control algorithm which is de-
�ned, with greedy target policy and � -greedy behavior policy, in algorithm 1. O�-
policy learning means that the algorithm does not necessarily follow the policy, but
tries other actions and then compares them to the policy in order to see which ones
are better. The policy that it compares to is called the target policy and the policy
that it actually follows is called the behavior policy. TD learning, unlike Monte
Carlo where the terminal state has to be reached before evaluation, is the idea that
one can evaluate the Q-value after each action. This is calledbootstrapping and
one important result is that regardless of which policy is applied, the action-value
function Q will converge to the optimal action-value functionq� , which consists of
action-valuesQ(s; a) that are optimal for each state and action [4].

Algorithm 1 Tabular Q-learning
Algorithm parameters: step size� 2 (0; 1], small � > 0
Initialize Q(s; a), 8s 2 S, a 2 A , arbitrarily except that Q(terminal; �) = 0
repeat (for each episode)

Initialize s
repeat (for each step in episode)

Choosea from s using policy derived from Q (e.g.� -greedy)
Take action a, observer , s0

Q(s; a)  Q(s; a) + � [r + 
 max
a0

Q(s0; a0) � Q(s; a)]

s  s0

until s is terminal
until convergence of Q-values

The idea behind algorithm 1 is that it starts with prede�ned values for step size/learn-
ing rate � , and � . Then the Q-values are initialized arbitrarily for all possible states
and actions, except for the terminal Q-value which must be zero, resulting in a table
of Q-values. What happens next is that the initial state is chosen and the algorithm
performs an action as de�ned by its behavior policy. It then updates the Q-value
for the state it came from and the action it performed based on the old Q-value, the
reward r , the discount factor 
 , and a Q-value for the next states0 from an action
chosen by its target policy. It will perform these behavior policy actions until it
reaches the terminal state, after which it will start over from the initial state but
with an updated Q-value table. This will repeat until the Q-value table no longer
changes over time and converges.
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2.2 Function approximation and deep Q-learning

The tabular Q-learning algorithm described in Section 2.1 is most suitable for a
small number of states and actions because in order to learn a Q-value for a certain
(s,a) pair, that element must be visited during training. For an increasing number
of states and actions, the probability of visiting a certain element in the Q-matrix
decreases and for continuous states this probability is zero. Thus many elements in
the Q-matrix will never be updated. However, it is often the case that for models
with large amount of states, the desired behavior for a state is similar to the behavior
of neighboring states. This means that it would be possible to approximate a Q-value
based on neighboring states even though it has never been visited. For example,
if a state of an inverted pendulum includes the angle of the rod and the goal is to
balance it, the best choice of direction in which to move the rod would be the same
even if the angle were a few degrees di�erent.

More formally, instead of representing the Q-values as a lookup table they will
be represented as a parameterized functional̂q(s; a;w) � q� (s; a) where � is a
known policy and w is a weight vector. The weights can be chosen to represent
a suitable model for function approximation. They can be the weights in a linear
combination of features important for approximating the action-value function, or
they can be connection weights in a multi-layerarti�cial neural network (ANN)
that takes the state as input and gives the approximated Q-values as output in a
non-linear mapping. Deep Q-learningrefers to the applications where deep neural
networks are used to translate states into Q-values. Linear models are e�cient when
it comes to both data and computation whereas nonlinear function approximation
using multi-layer ANNs has been a vital part in many of the applications that have
gained much attention in recent years such as DeepMind's AlphaGo [4].

According to Sutton, Barto and Bach [4], the tools discussed so far cannot be im-
plemented without the risk of instability for the updates. They denote the three
elements of function approximation, bootstrapping update targets and o�-policy
training as the Deadly Triad and explain that instability can only be avoided if a
maximum of two elements of the deadly triad are used at once. This statement will
be considered and investigated in this project.

2.2.1 Linear action-value function approximation

Theory and conclusions in this section can be compared to [4, pp. 195-241]. In linear
action-value function approximation the state and action is represented as a feature
vector x(s; a) and the approximation is in turn de�ned as

q̂(s; a;w) = x(s; a)T w: (2.1)

During training of the reinforcement algorithm the weights can be updated to min-
imize the mean squared errorJ (w) between the approximationq̂(s; a;w) and the
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true action-value function q� resulting in

J (w) = E[(q� (s; a) � q̂(s; a;w))2]: (2.2)

Using Stochastic Gradient Descentand taking a step� w in the opposite direction
of the gradient ofJ (w) w.r.t w, results in the update rule

� w = � (q� (s; a) � q̂(s; a;w))r w q̂(s; a;w); (2.3)

where r w q̂(s; a;w) is the gradient of q̂(s; a;w) w.r.t w. Using equation (2.1) this
simpli�es to

� w = � (q� (s; a) � x(s; a)T w)x(s; a): (2.4)

Lastly, since the true action-value functionq� (s; a) is unknown it must be replaced
with a target. The target in TD-learning is r + 
 q̂(s0; a0; w), wherea0 is chosen to be
the action that results in the largest approximated Q-value for states0. This results
in the �nal update rule

� w = � (r + 
 x(s0; a0)T w � x(s; a)T w)x(s; a): (2.5)

Note that when using bootstrapping in RL the targetr + 
 q̂(s0; a0; w) depends on
w. However, when calculating the gradients in the back-propagation method the
targets q� (s; a) are considered as constants w.r.t. the weights. This means that the
e�ect on changing the weights is only taken into account on the estimate and not
on the targets. Therefore, this method is not by de�nition the true SGD and is thus
sometimes referred to as aSemi-gradient method[4].

The method is implemented according to algorithm 2.

Algorithm 2 Linear function approximation
Algorithm parameters: step size� , small � , discount factor 
 , loss threshold�
Initialize w arbitrarily
repeat (for each episode)

Initialize s
repeat (for each stepi in episode)

Choosea from s using policy derived fromq̂ (e.g. � -greedy)
Take action a, observer , s0, a0

Form the feature vectorsx(s; a) and x(s0; a0)
w  w + � (r + 
 x(s0; a0)T w � x(s; a)T w)x(s; a)
Store loss in vectorJ(i ) = ( r + 
 x(s0; a0)T w � x(s; a)T w)2

s  s0

until s is terminal
Compute mean of loss vectorJ (w) = mean(J)

until J (w) < �

8
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2.2.2 Nonlinear action-value function approximation

(a)

(b)

Figure 2.1: Figure 2.1a shows one neuron in a hidden layer. In this case the
preceding layer has four neurons and the succeeding layer has three neurons. The
weights wi in circles are multiplied with the respective activationaL

i producing zL
i .

Figure 2.1b depicts an entire neural network consisting of neurons.

Instead of manually constructing the features as described in the previous section,
training the layers of an ANN provides an automatic creation of features appropri-
ate for a given application [4]. The features are represented in the hidden layers as
connection weights which usually are updated using back-propagation in order to
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minimize (or maximize) an objective function such as TD-errors, de�ned in equation
2.6, or expected rewards. This method is sometimes referred to asdeep reinforcement
learning due to the use of multiple layers in a neural network for function approxi-
mation. Feed forward deep neural networks are used in this project. They consist of
simple computational elements called neurons, see Figure 2.1a. Each neuron exists
in one of the network's layers and a neuron in one layer is typically connected to
neurons in the neighbouring layers. If each neuron is connected to every neuron in
the neighbouring layers the network is calledFully connected. Figure 2.1b depicts a
fully connected feed forward neural network.

In a fully connected neural network each neuron's input is a linear combination of
the outputs aL

i from each neuron in the previous layer using weightswi associated
with the particular neuron. The result z is passed through an activation function
g(z) usually a sigmoid function, hyperbolic tangent (tanh) or a recti�ed linear unit
(ReLU). This is necessary in order to break the linearity in the network; without
nonlinear activation functions the network would only be able to perform linear
mappings [7]. The output, often called activation are passed as input to each neuron
in the next layer. Further details about neural networks used in this project will be
covered in the upcoming sections. A more extensive introduction of feed forward
neural networks can be read in the article written by Svozil, Kvasnicka and Pospichal
[8].

Letting the network represent a nonlinear function approximating the Q-values tak-
ing the feature vector de�ned similarly as for linear function approximation as input
and scalarq̂ as output, algorithm 3 can be implemented.

Algorithm 3 Nonlinear function approximation
Algorithm parameters: Optimizer parameters (see Section 2.2.2.2), activation
function, #hidden layers, #hidden units/neurons in each layer, small� , discount
factor 
 , loss threshold�

Initialize network weights arbitrarily
repeat (for each episode)

Initialize s
repeat (for each stepi in episode)

Choosea from s using policy derived fromq̂ (e.g. � -greedy)
Take action a, observer , s0, a0

Form the feature vectorsx(s; a) and x(s0; a0)
Forward propagatex(s; a) and x(s0; a0) through network
Retrieve q̂(s0; a0; w) and q̂(s; a;w)
Update network weights using backpropagation (see section 2.2.2.1)
Store loss in vectorJ(i ) = ( r + 
 q̂(s0; a0; w) � q̂(s; a;w))2

s  s0

until s is terminal
Compute mean of loss vectorJ (w) = mean(J)

until J (w) < �
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2.2.2.1 Backpropagation

The network must be trained to be able to map the input to the desired output.
This is performed by updating each neuron's weights in the direction that reduces
the loss functionJ (w) that is to be minimized. The loss function in the case of value
function approximation in RL can be the same as in the linear case i.e. the mean
squared TD-error

J (w) = ( r + 
 q̂(s0; a0; w) � q̂(s; a;w))2: (2.6)

To achieve this, Stochastic Gradient Descent(SGD) is a common method (often
referred to as optimization algorithm oroptimizer) which for a sample or a batch of
the training data set updates the weights by taking a step� in the opposite direction
of the loss gradient, i.e.

w t+1 = w t � � r w J: (2.7)

For a certain layer L corresponding to the left side of Figure 2.1a it holds by the
chain rule that for each weightwL

k in that layer

@J
@wLk

=
@J
@zLk

@zLk
@wLk

=
@J

@aL +1

@aL +1

@zLk
aL

k =
@J

@aL +1

@g
@zLk

aL
k ; (2.8)

where most interestingly

@J
@aL +1

=
X

i

@J
@zL +1

i

@zL +1
i

@aL +1
=

X

i

@J
@zL +1

i

wL +1
i : (2.9)

This shows that the gradients in layerL depends on the gradients and the weights
of the next layer L + 1. Hence, it is natural to start in the last layer, compute

@J(wN )
@wN

(2.10)

wherewN are the weights in the output layer and then proceed backwards through
the network until all gradients are calculated and the full weight update can be com-
puted. As a result, the output error propagates from the output layer through the
hidden layers to the input layer which is why the algorithm is called backpropagation
[8].

2.2.2.2 Optimizers

As described above, SGD is a common choice of optimizer which is due to its simplic-
ity. For many applications, other optimizers performs much better. Ruder describes
many of them, such asAdagrad, RMSprop and Adam [9]. For many applications,
specially with large networks and sparse gradients, he recommends the adaptive
learning rate methods in general and Adam in particular. Adam has proven to be
a proper choice for this application and is thus the one explained in this section.
The name is derived from adaptive moment estimation and was designed by D. P.
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Kingma and J. Lei Ba to combine the advantages of RMSprop and AdaGrad [10].
For the algorithm, they recommend the following tuning parameters:� = 0:001,
� 1 = 0:9, � 2 = 0:999, " = 10� 8. The authors observed that sincem t and v t are
initialized to zeros they are biased towards zero, specially in the early time steps,
and when� 1, � 2 are close to 1. They propose a correction for this in the way that
m̂ t and v̂ t are calculated below. The algorithm is presented below.

Algorithm 4 Adam
Require: � : learning rate
Require: � 1, � 2: 2 [0; 1) Exponential decay rates for the moment estimates
Require: J (w): Loss function with parametersw
Require: w 0: Initial parameter vector

m0  0 Initialize 1st moment vector
v0  0 Initialize 2nd moment vector
t  0 Initialize time step
repeat

t  t + 1
gt  @J(w t � 1 )

@w t � 1

m t  � 1 � m t � 1 + (1 � � 1) � gt

v t  � 2 � v t � 1 + (1 � � 2) � gt � gt

m̂ t  m t
1� � t

1

v̂ t  v t
1� � t

2

w t  w t � 1 � � � m̂ tp
v̂ t + "

until w has converged
return w

2.2.2.3 Over�tting

When training the model, one wants to �nd weights that generalize well i.e. when the
model is presented to new data not seen during training, the input-output mapping
is still satisfying. When over�tting , the model performs well on the training data
set but bad on the test data set. This can either be a result of having built an
unnecessary complex model for the application or a result of training on a data set
that is not diverse enough, or a combination of the two.
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Figure 2.2: Visualization of under�tting (to the left): when the model is too
simple. Over�tting (to the right): when the model is too complex. A good �t (in
the middle): a model that is a proper representation of the data.

The phenomenon can be compared to a non-linear interpolation of data points in
a two dimensional problem as in Figure 2.2 [8]. On the other hand, Advani and
Saxe [11] have performed an analysis of generalization error of high-dimensional
neural networks and found some interesting results that contradicts this intuition.
They found that there is what they call afrozen subspacewhich is large for complex
networks. When the number of weights is much greater than the number of data
samples there are many directions in which there are no training data and as a
consequence those weights have no gradients and are never learnt. Thus, if the
initialization of the weights are set to small numbers, the impact of undesirable
high dimensions is kept negligible. The frozen subspace actually protects against
over�tting and when the network complexity increase, over�tting is often reduced.
Lastly, and less importantly in these applications,under�tting is the opposite to
over�tting. It may occur when the model is too simple for the application making
it impossible to detect the patterns present in the data set.

2.2.2.4 Choosing network architecture

The best architecture for a neural network highly depends on the application. While
there are no general methods for deciding the best architecture some rule of thumb
methods have been documented. Heaton [12] states that there are no theoretical
motives to use more than two hidden layers in a feed forward neural network because
with two layers one can represent an arbritrary decision boundary and approximate
any smooth mapping to any accuracy. He proposes further di�erent rules for set-
ting the number of neurons in each hidden layer. One rule states that the number
of neurons should be between the input and output layer dimension while another
states that it should be less than twice the size of the input layer. Many more pa-
rameters have to be chosen, such as learning rate, activation function and optimizer.
Stathakis [13] lists four commonly used approaches to reach a proper network setup:
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Trial and error Commonly used but with risk of �nding a suboptimal network
structure.

Heuristic search Use knowledge from previous experience, often in the form of
formulas estimating the number of required neurons in the hidden layers as a
function of the number of inputs and outputs. This method can also be used
to get a range of topologies to be searched and evaluated.

Exhaustive search This method is simply searching through all topologies which
is not very reasonable to do in a real application because each network takes
a long time to evaluate. Moreover, each network should be evaluated multiple
times due to the fact that neural networks performs di�erently even when ev-
erything is kept constant due to the randomness when initializing the weights.

Pruning and constructive algorithms Either this algorithm starts with no links
between neurons (weights) or redundantly many and incrementally adds links
or removes links until a network that produces satisfactory results is achieved.
Optimal Brain Damage [14] and Optimal Brain Surgeon [15] are two examples
of commonly used pruning algorithms.

2.3 Simulated closed loop manufacturing system

Figure 2.3: This loop shows more detailed steps of the training loop based on data
from RobotStudio.
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In the loop shown in Figure 2.3, data from the simulation (RobotStudio) is used to
calculate the Q-values which in turn a�ects the behavior (policy) of the simulated
process. This is what is referred to as thesimulated closed loopin the �rst research
question in Section 1.1 and is a milestone to reach the real closed loop manufacturing
system. The loop is applied to all implementations in this thesis; from tabular Q-
learning to all function approximations. One can compare the loop to algorithms
1, 2 and 3 to see that this loop uses the same structure as those algorithms but
implemented with RobotStudio and of course generalized.

2.4 Reward shaping

When the goal is to build an AI application that generalizes well to varying en-
vironments, design of the reward function is crucial. Dewey [16] points out that
the more general and autonomous a RL agent becomes, the design of rewards that
elicit desired behaviors becomes both more important and more di�cult. However,
in this project, generality when it comes to the reward function will not be a pri-
ority. Instead, reward shaping will be exploited which is a method of integrating
knowledge through a strategic design of the reward function so that the algorithm
is guided faster towards the goal [17]. First, some considerations must be taken into
account because of the risk that the engineer guides the algorithm into suboptimal
solutions and loses the optimal one that may yet be unknown to the designer of
the reward function. Since it is desired that the agent �nds the optimal solution
even though (and specially if) it was unknown to the engineer, the reward function
must not force the algorithm into suboptimal solutions. Fortunately, the concept
of potential-based reward shaping can be used which has proven not to alter the
optimal policy [18]. This holds if a rewardF (s; s0) is provided in addition to the
regular rewardr whereF is de�ned as the di�erence of some real-valued potential
function � between a source states and a destination states0 according to

F = 
� (s) � � (s0); (2.11)

where 
 is the same discount factor as in the original algorithm. As a result, the
update rule in the tabular Q-learning algorithm takes the form

Q(s; a)  Q(s; a) + � [r + F (s; s0) + 
 min
a0

Q(s0; a0) � Q(s; a)]: (2.12)

Similarly, for the function approximation methods, the TD-target is modi�ed to

r + F (s; s0) + 
 q̂(s0; a0; w): (2.13)

One example of a potential function is� (s) = � d(s) whered(s) is the distance from
state s to the goal state. According to the heuristic, the potential function should be
higher the closer the state is to the goal state which is why the distance is negated
[19].

15



2. Background

2.5 Experience replay

In general, machine learning algorithms need large amounts of data to converge
and RL, specially deep RL, is not an exception. When applying RL on simulations
that are slow, one therefore has to deal with a potential scarcity of data. One
solution is to simulate many parallel instances and orchestrate learning with some
update strategy. This is explained more in Section 2.6 and investigated thoroughly
in Section 4. However, this project also concerns possibilities and challenges when it
comes to training on a physical station. Parallel training on physical stations are of
course limited to the number of physical stations available which usually is a small
number. This means that it is hard to collect the large amount of data required. A
method that can increase data e�ciency proposed by Lin [20] is calledExperience
Replay in which the data collected are stored in a memory calledReplay Memory.
The data in the replay memory is presented to the RL algorithm repeatedly so that
data already experienced will be re-experienced. Lin explains that the result will
be that the rewards received will propagate faster which speeds up the learning
process. A warning though, as Lin writes, is that this method can be harmful
when the environment changes rapidly. Experience replay has been successfully
implemented in several physical real-time control problems by Sander, Bu³oniu and
Babu²ka [21] which demonstrate that experience replay RL methods can be well
suited for control of physical systems.

2.6 Parallel instance orchestration

In this application, every action is simulated in RobotStudio in order to retrieve
the reward. Hence, the simulation will be the main bottleneck in the algorithm.
A way to overcome the speed limitation in the simulation software is to run many
parallel instances where each instance simulates an action and sends the reward to
the algorithm. One important factor that makes this strategy possible is that the
update of the Q-values is independent of the update sequence. This means that the
Q-value of an action occurring late in an assembly sequence can be updated before
a Q-value of an early action. This will often be the case when multiple instances
are running in parallel. Nevertheless, the update strategy of the Q-matrix must be
considered carefully. It is often the case that a global Q-matrix is updated from
multiple training instances. As shown in the update step of algorithm 1, the new Q-
value depends on the previous one. Suppose then that instance A starts simulating a
certain action at time tA , based on a policy evaluated with the global Q-matrix, and
instance B starts simulating the same action based on the same global Q-matrix at
time tB wheretA < t B . Then, instance B will overwrite the Q-value that has already
been updated by instance A and as a result the experience gathered from instance
A will be lost because the update from instance B is based on an already aged Q-
matrix. The impact of this depends on the application and hence the suitability of
di�erent update strategies varies and must be evaluated for the speci�c application.
Strategies evaluated in this project are described in more detail in Section 4.
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2.6.1 Central learner and distributed learners

In this context, the terms actors and learners are often used for separating the
mechanism that actually performs the di�erent actions in its environment and the
learning algorithm that uses the results gathered by the actors. In this project the
actors are the simulated robots. When the actors, are the bottleneck, as in this case
with tedious RobotStudio simulations, a centralized learner is preferred because this
will avoid any loss of data collected by the actors as opposed to the case described
above with one fast instance A and one slow instance B. Each actor will update
a global Q-matrix based on the latest parameters after each action. Also the the
exploration will be based on the latest updates on the global Q-matrix from all
instances. However, in a scenario where the learner is the bottleneck which might
be the case when su�ciently many parallel simulations instances run, the update
strategy is not that straight forward. It might then be more computationally e�cient
to collect data in batches and distribute learning on multiple GPUs. Challenges then
arise when it comes to how to orchestrate updates from di�erent learners.

Espeholt et al [22] propose an architecture called IMPALA (Importance Weighted
Actor-Learner Architecture) that together with the V-trace o�-policy algorithm
deals with these issues. In this tool actors, i.e. instances of RobotStudio simu-
lations, gather experience and send it in the form of states, actions and rewards to
a learner which in this project corresponds to the algorithm implemented in Visual
Studio. Either the actors send minibatches of trajectories of data via a queue to
a centralized learner and the actors receive the latest policy parameters from the
learner, or the policy parameters and the data trajectories are distributed across
multiple synchronized learners. In both strategies, the actors and learners are com-
pletely decoupled; the actors collect data until a desired mini batch size is stored at
the same time as the learners update the model parameters. As a result, the policy
on the actors lag behind the policy on the learners and to correct for this devia-
tion a correction method is needed. Espeholt et al deal with this by introducing
the V-trace algorithm that compensates for the data collected by the actors being
o�-policy. In their article, Espeholt et al show that their novel correction method
V-trace outperforms traditional methods.

2.7 Similar projects and their relevance

In this part, research projects that relate closely to this project are presented. They
contribute with partly answering the research questions and are re�ected upon in
Section 6.

2.7.1 Tabular Q-learning and function approximation

In the assembly station model in Section 5, the learning algorithm was extended
from tabular Q-learning to function approximation for increased �exibility when it
came to the state de�nition. Unintuitively, using deep neural networks for function
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approximation might converge faster than tabular Q-learning. Ehn and Werner [23]
found that function approximation converged faster than tabular Q-learning due to
the fact that each update of the model updates all states (specially similar states)
instead of only one state at a time which speeds up training. Another observation
from the work of Ehn and Adam is that in order to de�ne a problem solvable
for tabular Q-learning they had to reduce the amount information de�ning a state
which lead to less accurate results while all information easily could be stored when
applying function approximation. This indicates that for more complex applications
the advantages of non-linear function approximation might become more evident.

2.7.2 O�ine optimization and reinforcement learning

As RL is an algorithm that updates parameters in order to minimize or maximize a
loss function it is closely related to traditional optimization. However, there are some
important di�erences that will be covered brie�y in this section based on a compari-
son of the two methods made by Özçelikkale, Koseoglu and Srivastava [24]. In their
study, they optimize the energy allocation of an energy beacon to di�erent sensors
and also the data transmission powers of the sensors. The loss to be minimized is
de�ned as the �eld reconstruction error at the sink. Traditional optimization meth-
ods require full knowledge of the problem or that modeling assumptions are made.
If this can be achieved then there are methods that guarantee convergence to an
optimal solution. RL methods do not require full knowledge of the system, instead
the nature of the system is automatically learnt within the algorithm. In general,
this comes with a cost of an increased number of iterations before convergence. On
the other hand, as Özçelikkale, Koseoglu and Srivastava point out, it can be argued
that since the optimization approach requires prior knowledge of the model, which
is often gained through interactions with the system, overhead training in some
sense must be conducted. As a conclusion for their application, the study shows
that if the number of iterations is disregarded, o�-line optimization and RL reach
similar performance. Another interesting yet expected result is that if the assumed
model in the optimization problem di�ers from the actual model, the performance
decreases. In RL such discrepancies do not exist because no model assumptions
are made. A �nal note that they consider as future work touch upon the fact that
the RL approach can treat modeling and optimization as separate tasks. Then a
simulation model of the real world is used for initial training to achieve a plausible
model which is later transferred to the real world for �nal optimization.

2.7.3 Simulation gap

Simulation models are only representations of the real world and include many
simpli�cations. When training an RL algorithm on simulation models it is therefore
important to consider how to deal with simulation biases. J. Kober et al write that
RL algorithms exploit model inaccuracies if they are bene�cial in order to maximize
the reward function which can lead to results that are over�tted and perform well
in the simulation but that cannot be implemented on the real system. However, one
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way to reduce this risk is to introduce stochastic distributions in the models [25].
In this project the gap between simulation and reality will have to be su�ciently
small so that the result can be applicable to the real station even though it has been
synthesized mainly through training on the simulation environment.

2.7.4 AI technology from video games

The core ideas, goals and methods behind this thesis are all supported by previous
research and studies. This is primarily because the setup for this thesis where an
assembly station has a limited amount of actions and a goal of assembling a product
can be viewed as a video game. One can therefore refer to research in previous RL
projects related to di�erent gaming scenarios. For instance Firoiu et al [26] applied
RL to a video game where the algorithm had a set number of 54 actions. It then
had to beat its opponent through these actions, and would get a reward for doing
so. This is similar to the robot and the operator having a set number of actions
to assemble the product, but instead of beating an opponent, the algorithm has to
assemble the product quickly and with high quality. The famous paper by Mnih
et al [27] where they developed a RL algorithm to play many Atari games, also
shows the possibility and �exibility of these algorithms for similar scenarios. The
main di�erence between these papers and this project is the input model where both
Fiouiu et al and Mnih et al had input in the form of pixelated images, which meant
a great deal of data to analyze and motivated them to use deep RL. However, the
simulated model used in this thesis will have relatively few states, which simpli�es
the needed methods and computing power.

2.7.4.1 GOAP

A research project by Yu et al [28] presents a method for mechanical assembly plan-
ning using AI technology from games. They used Goal-Oriented Action Planning
(GOAP) which is based on STRIPS (STanford Research Institute Problem Solver)
in order to �nd the optimal assembly sequence of pump components. GOAP is an
automated planner and one of the most important features is its dynamic replanning
capability which was used in the project in order to enable the system to change
the assembly sequence based on the behavior of the operator. It is argued that
this �exibility feature is what makes GOAP superior to �nite state machine (FSM)
techniques. Owens [29] also compares GOAP with FSM where he points out that in
FSM all the connections between states and actions must be prede�ned as opposed
to GOAP where the states and actions are decoupled and the relations are learnt by
the system itself. A complex FSM can be extremely di�cult to modify in order to
add or remove possible actions whereas in GOAP the absence of a fully de�ned con-
nected model allows the user to add and remove actions to the action space without
the need to modify the model; GOAP will learn to adapt to the new conditions.
This is a substantial advantage when working with mechanical assembly sequence
planning of complex products when it comes to the ease of building the search model
and it also allows the algorithm to �nd sequences that might not have been found
if it were not an obvious solution for the modeling engineer. Owens explains that
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2. Background

GOAP is an arti�cial intelligence system that �nds a sequence of actions to satisfy
a particular goal where the sequence depends not only on the goal state but also on
the current state of the agent. In an assembly application, this allows the agent to
modify the sequence adapting it to the current operator with a certain behavior.

2.7.5 Planning Domain De�nition Language

Planning Domain De�nition Language (PDDL) is a standardized arti�cial intel-
ligence planning language �rst deveoped by Drew McDermott et al 1998 for the
International Conference on AI Planning and Scheduling (AIPS) planning competi-
tion [30]. The language is developed with a high level of neutrality and as a result
many extensions of the �rst version in di�erent directions have been developed and
released in connection with the competition. Basically, PDDL includes a problem
de�nition with objects, initial state and goal state, and a domain de�nition with
predicates (boolean properties of the objects) and actions. Finally there is a solu-
tion checker that returns a sequence of actions.
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3
Learning optimal product

assembly sequence

(a)

(b)

Figure 3.1: Figure 3.1a shows the RobotStudio model used to �nd an optimal
assembly sequence. Figure 3.1b shows how each box is hollow underneath, which
makes it impossible to stack a larger box on top of a smaller one.

Methods and algorithms covered in the previous chapter has been applied on two
simulation models in order to �nd answers to the research questions. The model
in Figure 3.1a was developed with the purpose of demonstrating the feasibility of
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