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Abstract

Robot control has traditionally been a multidisciplinary problem involving computer
vision, planning, kinematics and more. Such systems are comprised of complex
stages in a pipeline meant to perceive information via sensors from the outside
world, process it in order to extract features and use said features when planning
and executing future actions. Each stage presents its own unique challenges and
requires different areas of expertise from teams working on the project.

An end-to-end deep learning system for robot control promises to remove
the need for these multi-stage pipelines and reduce the overall expertise needed to
build and maintain them.

Reinforcement and supervised learning are two different approaches to
building such a system. No matter which approach, deep learning’s need for large
datasets makes it impractical to employ for all but the most well-funded teams which
can afford to task multiple robots with learning for a an extended period.

Transfer learning can help tackle this challenge by using information from
a domain where data is plentiful and a small sample from a related domain for
which data is scarce. In the case of robot control this is usually a case of transferring
between a simulation, where samples are quick and easy to generate, and the real
world.

This project has two goals. It compares and contrasts reinforcement and
supervised learning systems and evaluates three transfer learning techniques in a
simple two dimensional environment. The project finds that within the 2D environ-
ment a simple reinforcement model performs a better than a more complex super-
vised one and that Progressive networks are the most powerful of the three transfer
learning methods.
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Chapter 1

Introduction

1.1 Motivation - the importance of transfer learning

Deep learning techniques produce ever improving results and find application in an
always greater set of domains. A major limiting factor in their use to solve problems
is the amount of data available to learn from and the amount of time it takes. A lot
of today’s most powerful models have millions of parameters and require millions of
samples to train.

Transfer learning, at its core, is about transferring knowledge gained in
domain A to a separate, but similar, domain B. And while the domains are similar,
data might be more readily available in domain A than domain B. For example, it
is not hard to find countless images of dogs on the internet. Which is great if you
want to train a dog classifier. But if you need to train a wolverine (the animal)
classifier you will notice that a comparatively limited set of images is available. Yet
it is undeniable that both dogs and wolverines have a lot in common. So in theory
we should be able to train a neural network to recognize features of dogs and then
transfer that knowledge by finding the commonality between dogs and wolverines.

Figure 1.1: Both dogs and wolverine have similar but different body structure



Simulation technology has been steadily improving up to the point that
simulated environments today are very close in fidelity to the real world. They are
not indistinguishable yet and it is an exponential climb in computational resources
to reach parity with reality. However, they are close enough for transfer learning to
bridge the gap such that models can be trained on data provided by the simulation
and then ’transferred’ for application in the real-world.

By training a model on data provided by a simulation and then using trans-
fer to bridge the gap a new set of problems become available for application of deep
learning. Domains where data is scarce like training an image classifier without a
large, labelled dataset of what you are trying to classify. Or domains where train-
ing would be dangerous. You absolutely do not want to use reinforcement learning
to train a wildly swinging robot arm or a self-driving car. Transfer learning makes it
possible to do so by training in simulation first and then applying it to the real world.

1.2 The project

This project aims to explore three transfer learning techniques when applied to a
simple control problem in order to gain insight into their applicability and evaluate
their performance. The techniques are presented in the following papers:

* Progressive Neural Networks[1] by Andrei A. Rusu et al, Google DeepMind

* Adapting Deep Visuomotor Representations with Weak Pairwise Constraints[2]
by Eric Tzeng et al, University of California Berkeley and Boston University

* Beyond Sharing Weights for Deep Domain Adaptation[3] by Artem Rozantsey,
Mathieu Salzmann and Pascal Fuam, EPFL

A second objective is to observe and compare the performance of reinforce-
ment models learning on their own and supervised models learning optimal actions
obtained via inverse kinematics. The networks are evaluated in terms of training
behaviour and accuracy. The two approaches are compared on their own within one
basic domain and in conjunction with a transfer learning techniques in a number of
different domains.

The project is structured around training models to control a simple robot
arm in a 2D game. After a model has learned an effective policy for the game we
modify the environment it operates in by introducing random noise and changing
colours. We do so until the models stop performing effectively in the environment.
We then apply the transfer learning techniques and train within the new domains.
After training we evaluate the models and compare the results between them.
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1.3 Results

The results of this project can be summarised as such:

* The reinforcement learning system is simpler yet perform better than the su-
pervised one

* With enough complexity and training data the supervised system could ap-
proach optimal performance, outpacing reinforcement learning at a signifi-
cantly higher training cost

* Progressive neural networks when applied to reinforcement learning adapt re-
markably well to a number of different domains

* The remaining techniques only produce improved performance in a single do-
main but out of those tested it is the most important one for robot control



Chapter 2

Background

2.1 Artificial neural networks

Artificial neural networks (ANNs) are computational models inspired by biological
brains. A neural network is comprised of many individual neurons typically arranged
in a directed graph with multiple layers where a neuron in layer i has an incoming
edge from some or all neurons in layer i — 1 and an outgoing edge to all neurons
in layer i + 1. A typical network has at least three layers - an input layer, an output
layer and a so-called hidden layer between them. The weighted edges of the graph
allow the state of one neuron to affect the state of a connected neuron - usually
expressed as an activation function. This activation function takes as input the value
of all neurons connected to the target neuron and outputs the value of the target
neuron. For example, an identity activation function f(x) = x is the most commonly
used function to connect neurons between layers:

N

Xj = inwl- +b (2.1)

i

The value of neuron x; in layer j can be expressed as a sum of the values
of all neurons x; in layer j — 1 weighted by their individual connections to x; and a
bias term.

2.1.1 Backpropagation

The network’s can learn via backpropagation. This is the process of updating the
weights of connections between neurons proportionally to the gradient of the net-
work’s loss function. A loss functions encodes the misalignment of the network’s
desired outputs and its actual outputs given identical inputs. Obtaining a network’s
output is called a forward pass. It is performed by providing values to its input layer.
The values then propagate forward layer by layer, obeying the activation functions
until the forward propagation stops at the output layer. The loss function is then
applied between the values of the output neurons and their desired values. If the
desired values are provided by the network’s creator the type of learning is called
supervised learning.
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Figure 2.1: An artificial neural network[4]

The output of the loss function is called the error term E. The goal of the
network is to minimize E by way of backpropagation. We can express the value of
output neurons as a combination of the provided inputs and the weight at each layer.
Therefore, we can compute the derivative of E with respect to every weight in the
network using the chain rule:

SE SE 60j 6net]-
6wi]- - 6_0]'5Tl€t]' 611/1]

(2.2)

Where E is the error, o; is the output of neuron j, net; is the input coming in from all
neurons to o; and w;; is the weight between neurons o; and o;. This derivative can be
applied in a chain to all connected layers. We can therefore express the derivative of
E with respect to every parameter of the network. These derivatives are the reason
why the activation functions of neurons must be differentiable.

Once we have the derivative of the error term with respect to a weight, we
can use it to adjust the weight.

Gradient descent

A common and straightforward way to do that adjustment is Gradient descent. If
w is the value of the weight at time ¢ and E is our error function. Then gradient
descent will update the value of w to:

OoE

—— 2.
1 ow; (2:3)

Wiyl = Wy

Where 7 is the learning rate parameter which controls the speed of learning. Gra-
dient descent calculates the error term with respect to the entire dataset. This can
cause issues when datasets become too large to fit in memory.
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Stochastic gradient descent

Stochastic gradient descent (SGD) - also known as ”on-line” gradient descent - is
similar to ordinary gradient descent. SGD is used when the sample set has to be split
in a number of batches. The updates to weights which SGD performs after every
batch are therefore approximations of the true updates which would be calculated
over the entire set by GD.

Adam

Adam[5] is a first-order stochastic gradient-based optimisation algorithm. Adam
computes separate adaptive learning rates for all parameters from estimates of the
mean and variance of the gradients. Adam builds on previous work introduced in
RMSProp|[6].

Require: «: Stepsize

Require: By, 8, € [0,1): Exponential decay rates for moment estimates

Require: f(0): Stochastic objective function with parameters 6

Require: 6,: Initial parameter vector

mq < 0: Initialize mean vector

vy < 0: Initialize variance vector

t « 0: Initialize timestep

while 6, not converged do
t—t+1
g < 99 f1(0;_1) - Get the gradients
my «— By -m;_1 +(1—p1)- g - Update biased mean estimate
v, < By -v;_1 + (1 - B,) - g7 - Update biased variance estimate
mt — m,/(1 - 1) - Compute bias-corrected mean estimate
vt —v,/(1 - B5) - Compute bias-corrected variance estimate
0, — 0,_1 —a -1, /(\J[V; + €) - Update parameters

end while

return 6,

Figure 2.2: Pseudo code for Adam presented introduced in the paper[5]. «, 81,8, and e
are all hyperparameters provided at start time.

The algorithm enjoys several benefits. The adaptive learning rate makes it
easier to avoid oscillation while looking for an optimum. It works well with on-line
learning thanks to the estimates which is useful in scenarios with many mini-batches
such as the reinforcement setting described further in this report. Another benefit to
Adam is that it is widely available in existing deep-learning frameworks.

2.1.2 Activation functions

The identity activation function f(x) = x is useful when connecting neurons. How-
ever, most relationships in nature are not linear which is why other activation func-
tions are used in order to introduce non-linearity to the system.

11



Softmax

The Softmax function squashes down a vector’s values such that they sum to 1 which
makes it useful as a representation of probability.

e%
2115:1 ek

Usually applied to the output layer of a classifier network, where every element of
the vector is the probability of the given class.

o(x); = forj=1,....K 2.49)

Rectified linear units

Rectified linear units (ReLu) are another tool by which non-linearity can be intro-
duced in a system:

f(x) =max(0,x) (2.5

ReLu is usually applied after convolutional layers. ReLu is easier to compute than
than functions like tanh or sigmoid because of its simplicity which leads to increased
performance when training.

2.1.3 Loss functions

Loss functions determine how we measure the ’gap’ between our network’s desired
output and its actual output. Within this project we use two types of functions: Mean
squared error and Cross entropy

Mean squared error

Mean squared error(MSE) is the simplest loss function:

N
1 ,
E=o ;ny(xi) -y )P (2.6)

Where n is the number of samples, x is an individual sample, y(x) is the predicted
network output and y’(x) is the desired output. Dividing the mean by 2 is done for
convenience when calculating the gradient of E.

Cross entropy

Networks which utilise Cross entropy provide their outputs as a vector of probabili-
ties summing up to one via the use of a softmax activation function.

H(p.q)=-) piloga; (2.7)
1 |
E=-r ;my(x,-),y’(xi)) (2.8)
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Where H(p, q) is the cross entropy between vectors p and gq. p is the correct proba-
bility vector, and g is the predicted distribution by the current model. In the case of
an object belonging to only one class p is one hot i.e. all of its elements are 0 except
for the one at the corresponding class index which is 1.

2.2 Deep neural networks

A deep neural network has similar structure to a regular neural network. The dif-
ference comes primarily from the increased number of interconnected hidden layers
placed between the input and output layers - Figure 2.3. The increased number of
hidden layers allows a deep network to take advantage of the hierarchical structure
of many problems. Each hidden layer encodes higher level features composed from
the relatively lower level features present in the layer before it. For example the first
hidden layer of a network which recognizes objects present in an image can learn
to recognize a configuration of pixels which together form an edge, the layer after it
can take those edges and learn to recognize simple shapes like a square or a triangle
and so on. Each layer building on the features of the previous one.

hidden layer 1 hidden layer 2 hidden layer 3

input layer

Figure 2.3: A deep neural network[7]

2.2.1 Convolutional neural networks

Convolutional neural networks gained traction in 2012 when they significantly out-
performed the competition in the annual NIPS Image recognition competition[8].
These nets are designed to process data which comes in the form of tensors of rank
3. The most well-known application is with 3D arrays containing pixel intensities for
the three colours of an image[9].

Typically a convolutional network is structured as a series of stages. The
first few stages are composed of two types of layers: convolutional layers with ReLu
activation functions and pooling (subsampling) layers - Figure 2.4. Units in a convo-
lutional layer are organized in feature maps, within which each unit is connected to
local patches in the feature maps of the previous layer through a set of weights called
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a filter. The result of this local weighted sum is then passed through a non-linearity
such as a ReLU to remove any negative values.

Input Feature maps Feature maps Feature maps Feature maps Qutput
24x24 4@20x20 4@10x10 8([@8x8 B@4x4 20@1x1

= = =

T =

-

Convolution Subsampling Convolution Subsampling Convolution

Figure 2.4: A convolutional network[10]

The role of the convolutional layers is to detect local clusters of features
from the previous layers while the pooling layers eliminate small perturbations in
the locality of the features by treating nearby locations as the same.

Convolution and filters

In the context of images convolution is the process of adding the neighbours of a
pixel weighted by a filter (also known as kernel) and outputting the sum. Convolu-
tions have been widely used in image processing and computer vision systems for a
long time. Useful for a number of image enhancing techniques such as blurring or
sharpening they have only recently made their way to Deep learning.

Filters are the vectors of weights with which the output is convolved. Dif-
ferent filters are able to recognize different features such as horizontal or vertical
edges, or particular colours if they are of importance to the structure of the problem.
Filters are not manually set but are learned during the training of the network.

35 40 |41 45|£ _I L
40|40 |42 |46 |52 o110

4246 |50 |55 |55 x ofofo 42

48 |52 |56 |58 |60 olo|o —

56|60 |65 ?nE j r

Figure 2.5: A simple 3x3 filter which when applied returns the value of the pixel directly
above the target.[11]

Filters are applied in a grid-like manner to an image. Every application’s
central point is separated by an integer stride. The size of the output feature map
depends on the size of the kernel and the length of the stride. E.g a 3x3 filter with

a stride of 3 applied on a 30 by 30 image with no padding will produce a 10x10
feature map.
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Pooling layer

Pooling layers are sometimes applied after a convolutional layer in order to reduce
the size of the representation, reduce the number of parameters and increase the
the resistance to small perturbations such as random noise in an image. The most
common type of pooling is max pooling which when applied to a grid of pixels picks
outputs the one with largest value.

Single depth slice
1 2 3

N = O O

4 6 8
3 1 0
1 2 4

A4

Y

Figure 2.6: Max pooling with a 2x2 filter and a stride of 2[12]

2.3 Reinforcement learning

Reinforcement learning is an area of machine learning concerned with the way an
agent learns to interact with its environment in order to achieve a specific goal. A
typical reinforcement learning system - Figure 2.7 - will represent its agent and the
environment as entities having a specific state with a number of actions available for
the agent to perform based on these states. Upon executing an action a the agent
and/or the environment change states the agent receives a reward r which can be
positive or negative. The method by which an agents chooses action a in a state s is

called a policy 7.
= —

state reward action
5, ! a;

s

[ S I

I+
Lt

' 5.0 | Environment ]-'"—

Figure 2.7: A simple reinforcement learning system[13]

Typically agents aim to maximize their reward R, starting at state t and
finishing at some final state T.

Rt - rt+1 + T’t+2...i’T (2-9)

Sometimes agents are expected to operate continuously i.e. T = co. In
addition to being computationally out of reach, simple addition of the rewards at
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every step will place the same value on rewards which are easily obtainable in a
few steps and rewards requiring thousands of actions. In reality, unless the system
is completely known and deterministic the farther away a potential reward is the
greater the risk that conditions change and prevent the agent from obtaining it. In
order to mitigate these factors a discount rate 0 < y <1 is introduced. The total
return becomes:

N
R; = Zyirt-ri-rl (2.10)
i=0

y discounts rewards farther into the future compared to more immediate rewards.
Tweaking the value of y can transform the agent from an incredibly-short sighted
one to one which is vulnerable to changing conditions.

In order to make decisions an agent has to be able to assign a value to
being in a state s. The value can be measured in two ways - a state-value or an
action-value. The state value for a state s under policy 7 is the following:

V™(s) = Ex(Ryls; = s) (2.11)

Where E, (R;|s; = s) is the expected value of following the policy 7t. The action-value
for a state s under policy 7t evaluates the result of taking action 4 in state s and then
continuing to follow policy 7t:

Q™(s,a) = Ex(Rls; = s,a; = a) (2.12)
Reinforcement learning is searching for an optimal policy 7c* such that:
VT (s)>V™(s) Vs (2.13)

With an optimal policy * we can also define an optimal state and action value
functions:

V*(s) = max, V™(s) (2.14)
Q*(s,a) = max, Q" (s,a) (2.15)

2.3.1 Q-learning

Q-learning is a way to approximate an optimal policy by approximating Q*. An
experience is defined to be (s,a,r,s’) - the agent starts off in state s, performs action
a, receives reward r and transitions into state s’. The value of Q(s, ) is then updates:

Q(se ar) < Qs ay) + afr + y max Q(s¢r1,a¢) — Qs a4)] (2.16)

This approach effectively learns by observing a number of episodes and converging
to an optimal solution.
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2.3.2 Deep Q network

An important milestone in the area of reinforcement learning is DeepMinds’ Deep
Q network (DQN)[14]. A combination of a deep convolutional neural network and
Q-learning, DQNs learned to play a number of Atari games at a better-than-human
level while receiving as input only the images from the game and the current score.

There are two key ideas behind DQN. First they approximate the Q func-
tion by way of a convolutional neural network. The network is trained to take in a
preprocessed image ¢(x) and output the predicted future reward for all possible ac-
tions (corresponding to button presses on an Atari controller). Second is their use of
the ’Experience replay’ technique where the algorithm keeps the N most recent ex-
periences to be used in training. Each experience e; = (s, 1, a;, S¢41) consists of a state
s;, action a, taken in that state, reward r, for performing said action and resulting
state s;,;. Mini-batches of experiences are randomly sampled for training. Expe-
rience replay removes correlations between observed sequences thereby preventing
overfitting.

The DQN algorithm

The algorithm consists of two nested loops - an outer loop iterating over episodes
and an inner loop performing a number of actions N, recording the experiences
resulting from those actions and then sampling and training on a mini batch of
previous experiences. The agent selects actions to perform based on an e-greedy
policy. At the start of training ¢ is 1 and it gradually decays with time until it reaches
a minimum - Figure 2.8.

The Q network in the paper is actually two networks - Q and Q where
network Q produces predicted rewards to be stored as part of an experience tuple.
Every C steps the Q network’s weights are reset to those of network Q. The introduc-
tion of the second network helps prevent oscillation or divergence when compared
to an online-only Q network. In the context of a simple 2D robot arm-game, diver-
gence is not a big issue and can be avoided by making a number of checkpoints while
training and selecting the best one. For this reason the DQN implementation for this
project does not use Q but only Q for faster learning.

17



Initialize replay memory D to capacity N
Initialize action-value function Q with random weights 6
Initialize target action-value function Q with weights 6~ =6
for episode = 1, M do
Initialize sequence s; = x; and preprocessed sequence ¢ = ¢(sq)
fort=1, T do
With probability e select a random action a; otherwise select a; =
arg mingQ(¢(s,), 4;6)
Execute action 4, in emulator and observe reward r, and image x;,,
Set sy 1 = 1,44, %41 and preprocess ¢ry1 = P(5t41)
Store transition (¢y, a;, 4, p4,1) in D
Sample random minibatch of transitions (¢;,a;,7j,¢;.1) from D

Sety |7 if episode terminates at step j+1
y] - rj+')/maxd QA((l)j+1,d;6_) Othel’Wise

Perform a gradient descent step on (y]- - Q(¢;,4a; ;(9))2 with respect to the
network parameter 6
Every C steps reset 0=Q
end for
end for

Figure 2.8: Deep Q-learning with experience replay algorithm[14]

2.4 Transfer learning

Learning something in one domain and transferring that knowledge has been an area
of research for a number of years[15]. Transfer learning techniques have recently
been developed in the realm of neural networks.

2.4.1 Transferring by substituting the output layer

Within a convolutional neural network virtually all layers except the final output
are dedicated to extracting features. The simplest way to do transfer learning is
to take advantage of a pre-trained network’s feature extracting layers by obtaining
their output - f(x) where x is the new dataset of images and f(-) is the network’s
intermediate output right before the final layer. Once f(x) is obtained, simply train
the classifier on f(x) with the desired labels. However this approach to transfer
learning is applicable only to domains which are extremely similar. More differing
domains might require different sets of high- or low-level features for classification
- and since the feature extraction remains the same, training a new classifier will be
ineffective.

2.4.2 Finetuning

One step further from retraining the final layer is finetuning. As before this approach
uses a pre-trained network in a source domain and adapts its output layer to fit the
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target domain. However, finetuning also performs backpropagation over the entire
network, including feature-extracting layers. Usually backpropagation is performed
with a reduced learning rate and some layers might be ’frozen’ preventing them from
updating their parameters. The hope is that a majority of the features extracted by
the pre-trained network will be kept and only a small set of new features will have
to be identified. For example, a large part of features, especially low-level ones like
edges and simple shapes need not change a lot if at all. Finetuning is currently the
most common approach to transfer as Convolutional networks exhibit a good level
of knowledge transfer even with a relatively simple technique[16].

2.5 Inverse kinematics

Inverse kinematics gives answer to the question: “Given a desired location for the
tip of the robotic arm, what should the angles of the joints be for the arm’s tip to
be that position?” There is usually more than one solution and inverse kinematics
can be a difficult problem to solve. However, in our 2D environment, the necessary
angle equations get reduced to a simple trigonometric problem.

)\ (x.y) Desired location

Figure 2.9: Inverse kinematics applied to a one-joint system will give you angles 6; and
0,[17]

2.6 PyGame

PyGame[18] is a cross-platform python module designed for writing simple 2D
games. A PyGame project relies on the concept of bitmap ’surfaces’ which are Bit
blit together. A useful feature of PyGame is that it allows direct access the bitmap
surfaces as NumPy arrays which can be fed directly to a convolutional network.

Another benefit to PyGame is that it can run without a GUI over ssh, sim-
plifying the use of multiple DoC machines for training.

2.7 Maximum mean discrepancy

Maximum mean discrepancy[19] (MMD) is a test statistic which measures the dis-
tance of two sets after mapping them to a Reproducing Kernel Hilbert Space! (RKHS).

Ihttps://en.wikipedia.org/wiki/Reproducing_kernel_Hilbert_space

19


https://en.wikipedia.org/wiki/Reproducing_kernel_Hilbert_space

The measure itself is straightforward:

N M .
MMD?(x,y) = ||Z¢§\’;i) —X(P](\?)Hz (2.17)
i=1

j=1

Where x and y are the feature representations of our datasets and N and M are
the corresponding number of samples. ¢(-) denotes the mapping to RKHS which is
typically unknown.

MMD allows us to measure how close the feature representations of images
from different domains are in the Domain Adaptation model described further in
this report. Intuitively, we want MMD to be small as possible - i.e. our models to
represent features of images from both a simulation and reality in a similar manner.

2.7.1 Kernel matrices

In most cases ¢(-) will be an unknown function. To avoid this, MMD in this project is
computed via the kernel trick, where a standard Radial Basis Function (RBF)? kernel
is chosen:

k(u,v) = exp(—||lu —v||*/0) The RBF kernel function (2.18)

Therefore we can rewrite MM D? as:

k(x, %) k(xiy;) k(yjyj)
2 _ irRi’) ] 1’7]
MMD? = ;i, —7 2 N + L 7 (2.19)

2https://en.wikipedia.org/wiki/Radial _basis_function_kernel
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Chapter 3

Models

This chapter introduces the three different models used to achieve transfer and any
modifications done to them.

3.1 Progressive neural networks

Progressive networks[1] rely on the concept of columns where each column is a

whole neural network with layers hg.] ) Where j is a column an i is a layer in that
column. Columns are trained sequentially on similar, but separate, tasks. Whenever
a column has finished training with some final parameters © it is frozen - the pa-
rameters can no longer be updated via backpropagation. In addition to connections
between layers h; and h;_; within a column, all new columns have lateral connec-
tions between the output of the corresponding layers in the columns before it. A
(/)

[ - receives input both from the previous layer in the columns hg.]_)l and the

(

i

layer - h

previous layer from the previous column h ]_ i where j” € (1,...,j—1). This generalizes

to the following layer equation:

k k), (k kij), (j
hi’ = f(Wi( )hi'—)l + ZUz( ])hgj—)l) (3.1

Where f(x) is the layer’s activation function, Wi(k) is the weight matrix for
layer i of column k, Ui(k:] ) are the connections between layer i — 1 of column j and
layer i of column k and h is the network input. A sample network with 3 columns

can be seen in Figure 3.1.
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Figure 3.1: A progressive network with 3 columns

An advantage of progressive networks over typical fine-tuning approaches
is that they do not discard previously learned features in older columns since they are
frozen. This allows a progressive networks to retain their performance on all trained
domains. However, that comes at the cost of increasing the numbers of parameters
of the network with the addition of new columns for every task.

In order to avoid the curse of dimensionality when dealing with multiple
columns progressive nets can replace the lateral connections between columns with

(<k) (k=1)

an adapter. If h;"|" = [hg...hy_)l...hi_l | is the vector of all laterally layers in previ-

ous columns we want to replace it with a single hidden layer multilayer perceptron

(MLP). Before hgfli) is provided as an input to the MLP it is multiplied by a vector
to adjust for the different scales of the inputs. As the index k grows the adapter

k
becomes more necessary. When we use an adapter, hg ) becomes:

WY = f(W9RY U o (v D o RNy (3.2)

i i i—1 i i

. . k:j) . . . . .
Where «a is the scaling vector and Vi( 1) is the projection matrix representing the
MLP. In this project we will not be using networks with more than two columns and

will not need the adapter.

3.2 Domain alignment network with weakly super-
vised pairwise constraints

This approach relies on two general ideas. First - bringing closer in feature space the
source domain, where data is easily available, and the target domain, where obtain-
ing training data is hard. Second pairing up examples from the source and target
domains which represent similar states e.g. an image from a simulation depicting a
robot arm in a specific position and a real-world image depicting the arm in the same
configuration. These two examples should fall close to one another in the space of
the final representation 6,,,.
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Figure 3.2: The network computes three types of losses: Typical classification losses, a
domain confusion loss and a pairwise loss.[2]

3.2.1 Domain confusion

When trying to align the two domains the model trains a domain classifier 6, which
tries to correctly classify images from the source and target data sets. Parallel to
that the loss function £, learns a representation 60,,,, so that the domain classifier
cannot distinguish between the two domains in features space.

Lconf(xSIxT; Op;0 repr Z Zﬁloqu x,0p, repr) (3.3)

€(xgUxT)

Where g is the domain classifier activations.

q4(x,0p, 0,py) = softmax(0] £ (x; 0,¢pr)) (3.4)

3.2.2 Pairwise loss

The pairwise loss function L, is defined as the distance between two corre-
sponding examples from the source and target domains in the feature space of 6,,,,:

1 ) (j 2
'Cpuirwise(xSle;P: Qrepr) = Z lzp(x(sl)ix(jz);erepr) ] (3.5)
(i,j)eP
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Where P is the set of weak pairs between images from source and destination and p
is the Euclidean distance in the feature space:

(3.6)

p(xg), x(,l‘z);erepr) = "f(xgl)’ erepr) _ f(ng)) erepr)
2

It is important to note that the pairing P and the representation 0,,,, de-
pend on each other which prevents us from optimising them at the same time. To
avoid this problem the authors of the paper first learn a representation 6,,,, from
only the examples in the source domain while also minimising £,,r. Once the
source-only model is trained 6,,,, is used to map both source and target images to
the same space where a nearest neighbour algorithm can determine the weak pairs
P. An example weak pair - Figure 3.3.

(a) A real image (b) A simulated pair image
Figure 3.3: A weak pair
The model’s weights are shared between the source and target domain

samples i.e. 64 and 0,,,, are the same for both classification functions. In turn the
total loss function of the model is:

L(xs, s, x1,¢1,P,0p; 09, Orepr) = (3.7)
Ly(x5, 5500, 0repr) + Lo(XT, 150, Orepr) (3.8)
+ALonf (X5, X7, 0p5 Orepr) (3.9)

0L pairwise(¥5, K75 P, Orapy) (3.10)

Where A and v tweak how strongly the additional constraints are enforced.
Before the full error can be minimized the set of pairings P between the source an
target domains must be established. We do so by first minimizing the action classifier
on only source images and domain confusion as described in Figure 3.4.

This model is semi-supervised. While action labels are available from the
simulated source domain, they are not given in the target real domain. The algo-
rithm overcomes this issue by assigning the action label of an image from the source
domain to the closest weak-paired image from the target domain.
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Collect x; source domain images with labelled object pose
Collect x, target domain images
Minimize Lg(xs, @550, Orepr) + ALconf(Xs,XT,0p; O,epr) With respect to O, 0,cp,

for x(T]) in xr do

it = argmin'fconvl (x§l); 6repr) - fconvl (x(]);erepr)b
Add (i*,j) to P
end for
Minimize L(xs, ¢s, X1, ¢, P,0p;604,0,,p,) With respect to O, 0,.p,

Figure 3.4: Establishing the set of weak pairs P[2]

3.3 Domain adaptation network

The final approach focuses on a two-stream solution where one network is trained
on the source domain and another network is trained on the target domain simulta-
neously.

Source (synthetic) Target (real)

HF = b~ E-B-E-8

Classification loss:
1. Source domain
2. Target domain (if available)

Figure 3.5: The two stream framework.[3]
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3.3.1 Layer weights regularization

A loss function is imposed on the distance between weights of corresponding layers
in the two networks. These weight regularizers prevent overfitting on the target
domain when there are only a few examples to train on. For example an L, norm:

ru(65,61) = la;03 + b; —9;||§ (3.11)

The authors chose to not penalize linear transformation of the weight in
order to better model the domain shift between source and target. Scalars a; and b;
are therefore learned at training time.

3.3.2 Maximum Mean Discrepancy

The authors also introduce a Maximum Mean Discrepancy[19] loss between the
distributions of the representations of the source and target sample sets. Since the
two domains share common key features their representations at the layer before
the classification layer should have similar distributions. This similarity is the mean
discrepancy measured by MMD. The whole loss function takes the following the
form:

L(6%,0"X5, VS, X, Y =L+ L+ L, + Lyup (3.12)
1 &
L= ;c(Gsle,yf) (3.13)
1
Li== Zc(eﬂxf,y;) (3.14)
i=1
Ly, = /\w er(ejs‘; 9;) (3.15)
JEwW
Lymp = A, 1, (05, 01X5,X1) (3.16)

Where ¢(0°|x{,;) and c(0"|x!,y!) are the classification losses for each do-
main, r, (0% 0'X5,X") is the MMD, ru(6, 6;.) is the distance between a source and
target layer’s weights and 1, and A, are scalar parameters In this paper the classifi-
cation loss was cross-entropy applied to a softmax output layer.
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Chapter 4

Implementation

The models in this project were implemented either in Tensorflow[20] or Keras[21],
a high-level Tensorflow fronted. Keras enabled fast model creation and experimen-
tation while Tensorflow allowed for the implementation of the more complex losses
within models. Models were run in a small two dimensional environment.

4.1 The environment

The environment is a simple 2D game, implemented in PyGame, featuring an arm
with two joints anchored in the middle of the frame. The objective of the game is for
the arm’s gripper to reach a target whose location is randomly chosen as long as it is
within reach. As inputs it receives one of eight possible actions corresponding to all
possible combinations of clockwise and anti-clockwise joint rotations.

The game can scale to multiple resolutions, however a small 40 by 40
resolution was chosen in order to reduce the models’ size and accelerate training
and testing.

i‘

Figure 4.1: A scaled up version of the 40 by 40 game. The red end must reach the green
target.
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The game created some issues for the learning models. Because of the rel-
atively small resolution some changes to the arm angle values would not be reflected
in a change of state. Therefore the models could perform an action and receive no
visual update of the state. In order to prevent that at a game size of 40x40 the arm
angles change by 12 degrees at every step.

4.1.1 Modifying the environment

In order to establish the need for transfer the environment’s characteristics can be
changed at will. Different colours for objects and background, shapes of targets
and random noise can be added to the images which the environment provides to
the models. After some informal testing, three different environments were chosen,
each modifying the base game in a fundamentally different way:.

Figure 4.2: Clockwise from top left - Normal game, swapped target and gripper colours,
Gaussian noise with ¢ = 0.6 and cyan background

4.2 Inverse Kinematics Engine

The inverse kinematics engine generates action labels for use with our supervised
models. The engine takes a game’s inner state as input and produces optimal actions
for the robot’s gripper to reach the object. It does so by calculating angles 6; and 0,
for the joints using trigonometry[22].
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7 (<)

Figure 4.3: The trigonometric problem.

The equations for angles 6, and 6, are:

dist = [(x% +y?) (4.1)
X diStz +d12 —d%
_ X 2
0, J_r(arccos(dist)iarccos( 2d,dist )) (4.2)
d? +d2 —dist?
0, = Farccos(———= ° (4.3)

2d,d,

The plus or minus signs are dependent on which quadrant the target is in.

4.3 Q-Learning setup

The Q-learning process consists of three main parts:

Initializing the experience replay memory with random actions

Generating new experiences by performing the highest future reward action
according to the network and recording them in the memory

Randomly sampling from the experience memory and training in mini-batches
after every N actions

The two last steps repeat for a large number of frames - more than 200000.

Rewards to the agents are given upon entering concentric rings around the

target. Entering an inner ring awards a greater reward while leaving a ring incurs a
penalty. A significant reward is given upon direct contact with the target. Multiple
experiments with distance-based rewards were ineffective as the agents would not
hit enough targets in its exploration stages and instead chose to oscillate between a
small number of position, each wielding a small reward. Both the vanilla Q-network
and progressive networks built on top of it are trained using the same framework.
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4.4 Keras models

The foundational Q network and the progressive networks which build on top of it
were implemented in Keras mainly for its simplicity and ease-of-use.

4.4.1 Q network

The Q network is a very small CNN. It has only one convolutional ReLu layer with 8
filters of size 3 by 3 and stride of 3. Following that is a hidden layer with 16 neurons
and an output layer with 8 neurons - each representing the expected future reward
for each of the 8 possible actions. The network was minimising a Mean Squared Loss
using Adam with a learning rate of Ir = 0.00001. A relatively small learning rate was
chosen since DQN performs a lot of mini-batch updates throughout its training.

The small number of network parameters drastically sped up the DQN
process, which was important as on average the best-performing networks required
at least 3 million frames of training.

After training the network, we can inspect the output of the network’s
convolutional layer. As expected it has learned filters for the target (second from the
top in the left column), blue joint(top, right column) and red gripper(third from the
top, right column).

= =

Figure 4.5: Output from the trained network’s convolutional layer
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conv2d_1_input: InputLayer

input:

(None, 40, 40, 3)

output:

(None, 40, 40, 3)

'

conv2d_1: Conv2D

input: | (None, 40, 40, 3)

output: | (None, 13, 13, 8)

activation_1: Activation

input:

(None, 13, 13, 8)

output:

(None, 13, 13, 8)

flatten_1: Flatten

mput: | (N

one, 13, 13, 8)

output:

(None, 1352)

input: | (None, 1352)

dense_1: Dense

output: | (None, 16)

input: None, 16

dense_2: Dense P ( )
output: | (None, 8)

Figure 4.4: Structure of the DQN network in Keras
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4.4.2 Progressive network

input_1: InputLayer

input:

(None, 40, 40, 3)

output:

(None, 40, 40, 3)

o

input:
conv2d_1_1: Conv2D

(None, 40, 40, 3)

output:

(None, 13, 13, 8)

/

input:

(None, 13, 13, 8)

connection_1: Connection

output:

(None, 13, 13, 8)

conv2d_2_1: Conv2D

input:

(None, 40, 40, 3)

output:

(None, 13, 13, 8)

o~

/

input: [(None, 13, 13, 8), (None, 13, 13, 8)]
add_1: Add
output: (None, 13, 13, 8)
y
input: (None, 13, 13, 8)
activation_l: Activation
output: | (None, 13, 13, 8)
input: (None, 13, 13, 8)
flatten_1: Flatten
output: (None, 1352)
input: None, 1352
dense_1_1: Dense il ( )
output: | (None, 16)
input: | (None, 16) input: | (None, 1352)
connection_2: Connection dense_2_1: Dense
output: | (None, 16) output: (None, 16)
input: None, 16), (None, 16
add_2: Add P Ic ) ( )l
output: (None, 16)
input: None, 16
dense_2_2: Dense P ( )
output: [ (None, 8)

Figure 4.6: Structure of a progressive network with one layer in Keras

Each column of the progressive network has the same set of hyperparameters as the
basic DQN model. The only difference is that each layer of a column is connected
to the corresponding layer in the column before it with a custom Connection layer
which acts as a per element weight matrix for the outputs of the previous column’s
layers. The output of the Connection layer is then added to the output of the current
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column’s own layer.

A two column network is trained for each of the three modified environ-
ments for a total of three progressive networks. The first column is always the base
DON network and the second column is trained within the modified environment.
Instead of three two-column networks we could have trained one four-column net-
work, where the last three columns were each trained on a different environment.
This was not done because adding a third and fourth columns would have severely
slowed down training performance for two reasons. First, with the increased num-
ber of parameters each subsequent column would train slower than the one before
it. While not exponential, this slowdown would be noticeable. Second, and more im-
portant, the columns have to be trained in sequence, which prevents us from training
the three columns at the same time on multiple machines.

4.5 Tensorflow models

The Domain adaptation and Domain alignment networks were defined using Ten-
sorflow as their architecture and especially loss functions were atypical.

Both models are designed to work in a supervised environment. Unlike
progressive networks, utilising them in a reinforcement setting is not straightforward
since their main objective is adapting to a domain for which we have a very limited
number of samples. In the case of reinforcement learning there are indeed less
samples to train on in target domain than the source. But this is a positive side-
effect of transfer learning working by reducing the time needed to converge.

4.5.1 Supervised CNN

The base network on top of which both transfer learning models are built is a CNN
made of two convolutional layers with ReLu activations, one hidden dense layer and
a softmax output layer. Both convolutional layers have 8 filters. The first layer has a
kernel size of 5 by 5 and a stride of 1 while the second layer has a kernel size of 3 by 3
and a stride of 1. The stride is deliberately small, as we do not want to skip over any
pixels. The hidden layer has 256 units and the output layer has 8 - corresponding
to the possible actions of the agent - Figure 4.7. The network does not use pooling
layers because at a low resolution every pixel is important. All supervised networks
are trained using Adam and learning rate I = 0.0005 which provides a good balance
between convergence speed and oscillation tolerance.

Instead of predicting the future reward like DQN the output layer repre-
sents the probabilities of the next best action according to the policy learned under
the supervision of the inverse kinematics engine.

This network is more complex than the one utilised in the reinforcement
models. Initially, it had an identical configuration to the one used in the DQN model.
However that network was not able to achieve over 90% accuracy on even a rel-
atively small sample size of 3000. The network was too shallow and lacked the
necessary expressiveness.

Adding an additional convolutional layer focuses on the image. After train-
ing we can see that the first layer of the deeper network successfully manages to
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‘ Input 40x40x3 ‘

‘ Conv layer 1- Filters=8, Kernel=5x5, Strides = 1x1 ‘

|
Relu

‘ Conv layer 2- Filters=8, Kernel|=3x3, Strides = 1x1 ‘

Relu

L

Dense layer - 256 Units

l

Output layer - & Units, Softmax

Figure 4.7: The basic Convolutional network used in supervised models
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Figure 4.8: Output from a trained network’s first convolutional layer

isolate the key objects - the robot and target - from the background, allowing the
subsequent layer to pick out higher-level features - Figure 4.8.

4.5.2 Domain alignment network

Domain alignment networks share layers between source and target domains. Train-
ing proceeds in two steps. First the network minimizes the classification loss on the
target domain only while also minimizing the domain confusion loss. After conver-
gence, we pair up images from the target domain to images in the source domain
whose representation after the second convolutional layer is closest to theirs (Figure
4.9). Then we proceed with minimising the total loss.

"J 3 "'J- 'J = "'h-r

Figure 4.9: Weak pairs selected by the alignment network. Likely due to the proximity
between the three coloured points.

4.5.3 Domain adaptation network

The Domain adaptation network is a two stream network where the source and tar-
get domain streams do not share layers but instead have a loss placed on the distance
between their weights. A custom Radial basis function kernel function was imple-
mented in order to compute the Maximum Mean Discrepancy via the kernel trick.
During training the network first trains on the source domain until convergence and
afterwards it trains using data from both source and target domains. The first part
of training can be skipped if a pre-trained network is provided.
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Chapter 5

Evaluation

The evaluation strategy for all models is identical. First, both a DQN and a su-
pervised model are trained on the basic version of the game in order to obtain a
baseline performance benchmark. Afterwards the models are tested in the modified
environments and evaluated again with the expectations to observe some significant
degradation in performance. In the case where the environment is polluted with
random noise, various levels of noise were tested until performance was noticeably
below the baseline level.

For each of the three modified environments a new transfer model was
trained using each of the three different approaches for a total of 9 different models.

The different agents and environments were tested over 1000 episodes,
where each episode is limited to 100 actions before moving the target to a new
location, resetting the game and attempting again. Typically agents perform the
optimal actions as provided by their neural networks. However, 5% of the time, the
agents would perform a randomly selected action instead. This prevents agents from
oscillating between two states.

5.1 Baseline levels

5.1.1 DON

The baselines DQN model trained on 5 million frames performs quite well, especially
considering how simple its layers are. With almost 90% success rate of hitting a
target within 100 actions, it is twice as successful as an agent which performs actions
randomly. However, where the difference in performance becomes clear is when you
compare the average number of actions required to hit a target. The random agent
takes on average 35, the DQN - 12.

As expected the baseline agent’s performance noticeably degrades when
placed in a different environment. The worst case being the reversing of colours
between the arm and target, where the number of targets hit is reduces by 36% -
Figure 5.3. This is reasonable as the most-important features in the non-modified
version of the environment are the green target and red arm gripper.

Average distance travelled per hit is also affected but not as significantly -
26% more moves on average when evaluated in an environment with a cyan back-
ground colour - Figure 5.13.
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Figure 5.1: Number of targets hit by the base DQN model performing in different envi-
ronments. Random agent performance provided for comparison.
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Figure 5.2: Number of average action taken by DQN to hit a target. Random agent
performance provided for comparison.
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Overall we can observe that the baseline DQN model performs well and
changes to the environment, while quite detrimental to performance are not catas-
trophic.

5.1.2 Supervised model

The base supervised model which has been provided optimal action labels by the
inverse kinematics engine performs worse than the DQN model when operating both
in a normal environment and a modified environment. After achieving over 99%
accuracy on a train set of 10000 image-action pairs, the supervised network performs
poorly in an actual scenario. By only hitting 600 out of 1000 targets it performs just
30% better than an agent which chooses its actions randomly.

The supervised model also does not generalise too well when placed in a
different environment. At best it performs as well as a random agent and, in the case
of a cyan-coloured background, it performs significantly worse than a random agent.
Whenever the supervised agent hits a target it doesn’t do so efficiently averaging
between 25 and 30 actions per target hit which is slightly better than a fully random

agent.
I I I I .Hlts

Random Normal Switched Target — Arm Noise

700

400

200

100

Figure 5.3: Number of targets hit by the base supervised model performing in different
environments. Random agent performance provided for comparison.

My hypothesis is that there are two reasons for the sub-par performance.
First, the small resolution of the environment combined with the precision of the
inverse kinematics actions gives rise to a situation where two states may vary by
a single pixel but the suggested actions for the agent are different. Tackling this
problem would require massive increasing the training dataset in order to ensure as
much states as possible are present in it. While this isn’t much of a problem by itself
as we can quickly generate as much data as needed it gives rise to the second reason
for the lacklustre results. When the model is trained with bigger datasets of 50000
states, it exhibits the tendency to alternate between to states, moving from one to
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Figure 5.4: Number of average action taken by the supervised model to hit a target.
Random agent performance provided for comparison.

the other and never closer to the target. This is why even when training with 20
times as much data the performance of the resulting agent is barely better. Figure
5.5 shows the performance of agents trained with only 500 samples. Notice that
in the two static environments - the one where the target and gripper colours are
switched, and the one with a cyan background their performance is very close to
600 - the performance of a model trained on 10000 samples.

600

500
400
300 B Hits
200
100
0

Switched Arm — Target Noise

Figure 5.5: Even when trained on only 500 images, the agents performance is close to
that of the one trained on 10000 images.

This tendency to oscillate is caused by the model’s inability to encode the
relatively complex behaviour of the arms when controlled by inverse kinematics. The
model is not deep enough to learn the high-level reasoning. A deeper model would
be able to learn the correct behaviour but combined with the first issue of every pixel
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mattering, this would increase training time exponentially.

In comparison, the reinforcement agent does not try to learn the opti-
mal yet too complex behaviour of IK. This results in more actions than the absolute
minimum but the DQN model rarely gets stuck, resulting in an overall better perfor-
mance.

5.2 Transfer models

5.2.1 Progressive networks
Training

By reusing the output of some or all previous layers, Progressive networks improve
training performance on new domains. This is easily observable in the cases when
our environment’s background is changed or noise is added.

The progressive network training in a cyan-coloured environment starts
off performing slightly worse than the pure DQN model. However, it declines much
more steadily over the first million frames compared to the baseline algorithm. By
frame 800000 the progressive networks has reached its optimal performance and its
performances begins to flatten and slightly oscillate.

60

;
— normal
cyan

55+

50 H

as |

Avg moves to hit

a0t

35+

30

0 200000 400000 600000 800000 1000000
Frames

Figure 5.6: The progressive network improves much more steadily than the baseline.

We can observe a similar behaviour when training in a noisy environment.
This time due to the inherent nature of noise the progressive model does not im-
prove as steadily and oscillates quite a bit. However, it still converges very quickly
and by frame number 800000 begins to oscillate. The model reaches its optimal
performance around a million and a half frames, more than 3 times as less than the
baseline’s 5 million.
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Figure 5.7: The progressive network improves much faster than the baseline.

Switching the target and gripper colours

results in a different training sce-

nario. The progressive agent starts off performing much worse than the baseline
which is expected. However, after a small period of no improvement it converges ex-
tremely quickly, reaching optimal performance in just about 500000 frames where it
begins to diverge slightly. This mirrors the results observed in the original paper[1],
where the authors inverted the colours of their game.
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0 200000 400000 600000
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800000 1000000

Figure 5.8: Switching the colour of gripper and target initially confuses the agent but it

quickly reajusts.

An interesting observation is that during training the baseline model is
much more optimistic about the amount it expects to score on average in an episode.
In comparison, all three progressive networks were much more conservative.
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Figure 5.9: The baseline model predicts much higher rewards for itself than the rest.
Actual performance indicates otherwise.

The cyan agent and the switched colour agent stop seeing performance
gains after a million frames. Beyond one and a half million so does the agent in
the noisy environment. Only the baseline agent needs more frames to converge
during training. Unfortunately, training of the model in the cyan environment was
interrupted before the two millionth frame.
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Figure 5.10: All but the baseline model begin oscillating after one and a half million
frames.
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Accuracy

The reinforcement agents were trained in mini-epochs. Each mini-epoch consists of
four frames of action and one mini-batch of training. A million frames correspond to
250000 epochs. During training, a snapshot was saved of the models every 50000
mini-epochs. These snapshots allow us to evaluate the actual performance of the
models at different points in their training.

The first snapshot of the agent learning in an environment with a coloured
background performs worse than the baseline’s performance, achieving accuracy un-
der 50%. At that point it is likely still learning to ’ignore’ the extra information pro-
vided by the colour. Over the next two checkpoints its accuracy jump to about 90%
at which point it stops improving a lot.
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Figure 5.11: Cyan environment. The initial bad performance is quickly corrected.

g

Switching the target and gripper colours starts us off at the lowest baseline
performance of our DQN. Consequently our progressive network does not perform
much better in its first snapshot. Its performance continues to increase steadily
and after 300000 mini-epochs (1200000 frames) it reaches its optimal performance
whereupon it starts oscillating a small amount. The baseline DQN, which forms the
first column of the progressive network, is very well stabilised and once the progres-
sive network has learned to correctly switch the target and gripper filter outputs, it
can rely on the baseline’s immutable dense layer to provide the final feature repre-
sentation.

The agent trained in the noisy environment also shows similar perfor-
mance improvement to the previous two. The difference is that it tends to oscillate
more than the others, not improving for a number of epoch, then making a leap
forward and going back down.

In addition to requiring only a quarter of the frames compared to the base-
line DQN in order to reach optimal performance in their own environment, the pro-
gressive models all perform better in their respective domains, hitting 950 out of
1000 targets, than the base DQN in the base environment which manages just shy
of 900 out of 1000. I.e they not only do progressive nets train faster but they also
perform better than the baseline.
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Figure 5.12: Switched target and gripper environment. The model improves until
plateauing.
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Figure 5.13: Noisy environment. Oscillations likely due to the noise.
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5.2.2 Domain adaptation networks

The baseline supervised learning model lags behind the baseline DQN. It is not sur-
prising that it also does not perform as well when transferred. What is noteworthy
is that it performs worse in two out of the three modified environments when com-
pared to a model trained only on a few samples from target domain. Of even bigger
significance is that Domain adaptation improves performance when learning in a
noisy environment by a not insignificant 35%.
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Figure 5.14: Domain adaptation achieves target accuracy improvement over training
just on the target domain only in the case of a noisy environment

5.2.3 Domain alignment networks

As with Domain adaptation, Domain alignment improves only in the case of a noisy
environment. The gain in accuracy is also higher than Domain Adaptation at 48%. In
the other two environments, the model again loses ground against a network trained
just on the target domain.
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Figure 5.15: Domain alignment achieves bigger improvement over training in a noisy
environment but still falls short in the other two domains.
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Domain alignment is sensitive towards the initial choice of weak pairings
since they are kept fixed throughout the training. This makes it unreliable when the
two domains of data are initially very different and not easy to map to the same
space.

5.2.4 Supervised versus reinforcement
Baseline

When comparing baselines scores, the reinforcement learning model has the upper
hand both in performance in the original environment and ability to handle different
environments without any modification.
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Figure 5.16: The base DQN model outperforms the supervised baseline in the number
of targets hit under all conditions.

However, there are a number of factors which prevent the supervised net-
works from competing in terms of performance. Two of them are straightforward -
increasing the data sample training size and expanding the network both vertically
(more layers) and horizontally (more neurons and filters per layer). Two other fac-
tors are dependent on the environment. First is the complexity which arises when
modelling inverse kinematics in an environment where an individual pixel is a de-
ciding factor. If we were to scale up the resolution of the environments, such that
individual pixels matter less, I suspect that supervised models will begin to bridge
the gap. This is one reason why I expect performance to improve when training on
a higher fidelity 3D simulation and transferring on the real world. Switching from
a discrete output space to a continuous e.g. velocities of joints instead of discrete
angle changes might also lead to a performance increase as there would be less
opportunities for the agent to get stuck alternating between two states.

Transfer

Although the supervised network has lower baseline performance, a good transfer
rate achieved by either Domain adaptation or Domain alignment could improve it.
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This is not the case in two out of three scenarios. With the exception of noisy environ-
ments, where both techniques achieve mid-to-high improvement, transfer actually
decreases performance compared to only training on the target domain. Progressive
network perform better than the standard DQN in their respective environments
while all supervised models perform worse than their baseline.
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Figure 5.17: Progressive networks start learning from a higher baseline and retain their
performance edge against the supervised approaches

It important to note that while the supervised training methods didn’t pro-
duce desirable results in two of the modified environments, the modifications are
somewhat stark and artificial. A more complex transfer-learning model such as one
transferring between a 3D simulation and reality is unlikely to face such radical do-
main shifts between select features of the two domains. A much more likely domain
shift scenario is one where every feature gets shifted by roughly the same amount.
Adding random noise to the frame is a way to simulated this gradual shift. Under
those circumstances, both Domain adaptation and alignment have demonstrated a
sizeable boost to accuracy.
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Chapter 6

Future Work and Conclusion

6.1 Future work

6.1.1 Issues stemming from low-dimensionality

Both supervised learning models studied in this project have shown great difficulty
in successfully learning the policy of the inverse kinematics engine. I have identified
two issues. One is that due to the low resolution of the learning environment a lot
of situations arise where a single pixel is the only difference between two images
but the optimal actions which inverse kinematics would provide are different. In
order to handle such minute details the models would have to be extremely complex
given the nature of the environment, be trained on a large dataset and take days of
training on a GPU which is impractical for such a simple task. Second is the fact that
it is possible that the policy of the inverse kinematic engine itself is too complex to
be grasped without a deeper, and therefore more complex model which again brings
us to the already mentioned issues.

DQN and by extension progressive networks do not suffer from this draw-
back. The layers in this implementation are both few and small. The trade off is that
the reinforcement models are far from optimal, often performing more than twice as
many actions as the optimal inverse kinematics solution.

6.1.2 Learning in three dimensions

An important next step is the application of transfer learning from three dimen-
sional simulated domains to the real world. Developments in that direction have
been made by DeepMind[23] using a slightly modified version of their progressive
net model. There are a number of issues which need to be addressed before this ap-
plication becomes viable beyond research use. First, a good set of simulation engines
balancing performance and fidelity must be established. Fidelity is important as the
farther the simulated domain is from real life, the greater the challenge posed for
transfer learning methodologies. Performance is important when it comes to training
in simulation. A life-like simulation isn’t of much use if you are only able to obtain
a small number of images to train on every second. For tasks which do not require
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precise control such as grabbing non-fragile objects a game engine such as Unity !
might be the correct choice as its optimised for performance and has better visual
fidelity than most physics simulators?.

Figure 6.1: Simulation or real life?[24]

Second - the complexity of the state space, even of 3D simulations, is vast.
This limits the current application of reinforcement-trained models to simple tasks
like locating or picking up an object. In order to handle more complex tasks re-
searchers would have to tackle the challenge of setting up reward schemes that will
not reward agents too infrequently and risk the agent not learning or too frequently
and have it learn an ineffective policy.

6.1.3 Improving network performance

A common theme in the techniques explored in this project is that the underlying
models, trained in simulation, are comparatively imprecise when put against tradi-
tional robot control systems. Transfer learning techniques are only as good as the
models they are transferring from. Better reinforcement learning algorithms such as
Deep Mind’s Asynchronous Advantage Actor-critic[25] (A3C) provide better perfor-
mance and faster convergence than DQN.

6.1.4 Adapting ideas to a reinforcement learning setting

Two of the models explored in this project - Domain adaptation and Domain align-
ment are not well suited for a reinforcement learning context since they rely on
training in both domains simultaneously which is hard and carries risk when consid-
ering real world robotics. However, the ideas in those papers of anchoring weights
together and bringing closer together representations of both domains are worthy of
further exploration in a reinforcement context. For example, implementing a domain
confusion loss between columns in a Progressive network might help them converge
faster and generalise better at the expense of requiring images from the simulation
when training a column which operates in the real world.

Thttps://unity3d.com/
2Left is the real image
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6.2 Conclusion

By not focusing on the optimal solutions the DQN reinforcement algorithm avoids
the pitfalls of the supervised inverse kinematics models. Using a much smaller net-
work, DQN achieves a respectable result even if its not the most precise. However,
in robot control precision can be an important factor. In those cases, a very deep
supervised model combined with a high-fidelity environment may be able to achieve
precision beyond the scope of reinforcement learning.

When it comes to transfer ability, compared to Progressive networks, Do-
main adaptation and Domain alignment are more limited when operating in domains
where the domain shift is very large yet affects only some objects. However, in the
case of noise where the domain shift is smaller and more uniform across all objects
in the frame both techniques showed significant ability to transfer. Domain adapta-
tion and alignment show potential for a more narrow transfer between somewhat
close domains, especially when combined with a more favourable environment and
a powerful base model. Progressive networks in combination with DQN demonstrate
an enviable ability to transfer and build upon previous knowledge, not only quickly
reaching baseline performance but surpassing it.
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