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Reinforcement Learning For Offshore Crane Set-down Operations

by Mingcheng DING

Offshore activities are usually carried out in one of the worst working environments where
vessels and objects are affected by weather all the time. One of the most common offshore
operations is to set down a heavy object onto the deck of a floating vessel. A good set-down
always requires a small impact force as well as a short distance to the target position. It can
be quite challenging to achieve due to various reasons, such as ship motions, crane mechan-
ics, and so forth. It takes years to train crane operators to make as many correct decisions
as possible. Any small mistake might cause severe consequences. In this project, we inves-
tigated the feasibility of solving this practical offshore set-down problem using Reinforce-
ment Learning (RL) techniques. As a feasibility study, we started from the simplest possible
environment where only the heave motion and impact velocity are considered. Then, we
gradually upgraded the simulation environment by adding more environmental and phys-
ical features with respect to a practical situation. The results under different environments
bring us an overview of the possibilities and limitations of standard RL algorithms. We
demonstrated that the methods suffer from the general challenges of RL, such as sparse re-
wards and sample efficiency in solving the long-term objective set-down problem. We tried
various methods to work around this issue, such as transfer learning, hierarchical RL, and
using simulation-based methods.
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Chapter 1

Introduction

1.1 Offshore Set-Down Operation

The term of commercial offshore industry was rst introduced in the 1940s when the global
demand for oil was booming, and the petroleum industry thus realized the opportunity of
creating a whole new way of producing natural oil (Schempf, 2007). Typical offshore con-
struction incorporates the installation and transportation of offshore structures in a marine
environment. Modern offshore structures include xed or submersible platforms, oating
platforms, offshore wind power, and submarine pipelines (Reedy, 2012).

Offshore structures are installed by crane vessels with lifting capacities of up to 14,000
tons (Mouhandiz and Troost, 2013). Now modern crane vessels are semi-submersibles and
have good stability, making them less sensitive to sea swells and harsh weather. Some ves-
sels are equipped with more than one heavy-lifting crane, which allows operations to be
done in tandem for heavier loads and better controls.

One of the most common offshore operations is to set down a heavy object onto a target
position, which is either a oating vessel or a xed platform. A good set-down always re-
quires a small impact force as well as a short distance to the target position. In reality, a good
set-down can be quite challenging to achieve due to various reasons, such as ship motions,
crane mechanics, crew communication and so forth. Most of the actions and decisions dur-
ing the set-down are made based on the spatial arrangement and dynamics between objects.
The crane operator should not only be accurate at operating the effectors of the crane, but
also capable of understanding ship motions in order to judge the best moment to take differ-
ent actions. The set-down can only be done with excellent cooperation between these two
factors. In this project, we simulated an ordinary heavy-lifting set-down operation where
the load is simply a cubic suspended from the vessel (Sleipnir), and the target position is on
the deck of a oating barge indicating by a horizontal guide. The motion of the vessel is
only affected by the unidirectional wave and the actions taken during the operation.

1.2 Reinforcement Learning

Reinforcement learning (RL) is a eld of machine learning that is aimed at training an arti -
cial agent to achieve the maximum accumulated reward in a speci ¢ environment by taking



2 Chapter 1. Introduction

a sequence of actions (Wiering and van Otterlo, 2012). At every time step, the agent is sit-
uated in a particular state, and a reward is assigned after it takes an action and reaches the
next state. The agent keeps interacting with the environment until it reaches the terminal
state. An action is sampled from the policy which is a distribution over all possible actions
given the current state. The policy can be represented by means of a look-up table, a neural
network or any type of machine learning technique. This type of learning provides solutions
to many classical control problems, such as the mountain-car and cart-pole problems.
Recently, a great deal of research in deep neural networks and computer vision has
shown that RL has a strong potential to generate good policies even in high-dimensional,
complex input spaces, such as images (Arulkumaran et al., 2017). During the set-down
operation, multiple sensory signals are captured simultaneously. These time-series signals
particularly describe the current situation of objects as well as the underlying dynamics of
the environment. This creates the possibility of training such an agent in the nature of RL.

1.3 Heerema Marine Contractors

Heerema Marine Contractors (HMC) is the world's leading marine contractor based in Lei-
den, the Netherlands. The company is specialized in delivering high-quality solutions to
issues related to transportation, installation, removal of offshore facilities. In addition, HMC
occupies the entire supply chain from design to construction. HMC currently owns three of
the world's top 10 crane vessels, which are "Thialf" (14,200- ton lifting capacity), "Balder"
(8,100-ton lifting capacity) and "Aegir" (4,000-ton lifting capacity). The new agship, "Slep-
nir", is being assembled and will be introduced to the market in 2019.

1.4 Project Motivation and Scope

There are several motivations for this project. With regard to engineering, if the quality of
set-down could be controlled consistently by the assisting machine learning algorithms, the
engineering limits can become less restricted, meaning that HMC can use lighter bumpers
for guiding the target and this extends the life of a barge. On the other hand, the offshore
set-down is a highly empirical and complex activity that requires outstanding operating and
perception skills. Even crane operators are unable to explain many of their actions, which
they perform instinctively. Hence, the result of this project can contribute to gaining insight
of their behaviors for further studies.

Therefore, this project is mainly focused on exploring to what extend the complex set-
down operation can be simulated by using machine learning techniques especially in the
eld of RL. Since this whole research study was fully carried out from scratch, we began the
study from an extremely simpli ed environment and gradually moved to a more realistic
environment. Given the time and physical constraints, all the experiments were conducted
exclusively in simulators provided under the license of HMC.
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1.5 Research Questions

The main research question of this project is as follows:

How can machine learning techniques be combined to simulate manual set-down operations of off-
shore cranes?

There are two major concerns with regard to the main question: the simulation environ-
ment and the algorithm itself. To create a valid environment, it is necessary to understand
how the objects and vessels are moving in reality. Furthermore, since the set-down is a phys-
ical procedure, it is necessary to make a metric for evaluating the result of the set-down such
that the agent can improve based on this signal. The rst two sub-questions are as follows:

1. What are the main factors and limits that form the offshore operating environment?
How should we model and extend those limits for the simulation environment of Re-
inforcement Learning?

2. What is the metric and how should we shape the reward/quality of the set-down
operation in terms of physical phenomena?

Due to the environmental setting, the result of a set-down is normally given at the end
of every attempt, which causes a delayed credit assignment. Additionally, based on the way
we built the environment, the dynamics of the environment and reward function are fully
de ned, which allows us to employ search-based methods. In this sense, the main research
question is divided into the following sub-questions:

1. How can we deal with the sparse/delayed reward in each of the set-down simula-
tions?

2. How can the performance of the agent be improved by learning with Monte Carlo tree
search?

3. To what extent can the simulation environment be upgraded toward the real-world
and what is an effective way to deal with partial observability in the environment?

1.6 Outline

The thesis contains eight chapters. Chapter 2 mainly covers the basics about the hydrody-
namics and wave statistics in the simulation environment for the set-down. It contributes
to the solution to the rst sub-question. Chapter 3 reviews the theoretical frameworks of
RL algorithms that are relevant to the experiments. Each of the chapters from Chapter 4 to
Chapter 7 contains an introduction of the features, the experiments, and related results that
answer the rest of the sub-questions. Chapter 8 includes a discussion and draws conclusions
of this project.



Chapter 2

Offshore Environment and Set-Down
Operation

An offshore set-down is usually executed between two independent structures. In the mar-

itime environment, ocean surface waves cause motions on every oating structure in the

sea, and thus the offshore operation has to take into consideration the motion of the effector
as well as the ships themselves. In order to build such an environment, it is important to

analyze the mathematical properties of the waves and how they affect ship motions.

2.1 Irregular Wave Statistics

Mathematically, irregular waves can be represented by linear superpositions of multiple

regular wave components. Regular waves are harmonic waves traveling with kinematic and

potential energy. Figure 2.1 shows a single harmonic wave component. The peak position
is the crest and the lowest point is the trough. The amplitudeof the wave z, is the distance
from the mean water level to the crest. The wave height H is calculated vertically from crest
to trough. For a sinusoidal wave, H is twice z,. The wave lengthl is measured from the
distance between two consecutive crests. In the time domain, the wave length is described
by the wave period TThe total energy per unit area of a regular wave can be represented by:

E= %rgzg, (2.1)

where r and g are water density and gravitational acceleration.

The irregular wave elevation is generated by the linear summation along a series of sin
and cos functions. Due to the superposition, the absolute wave period varies in every mea-
surement. Statistically, irregular waves are described with a set of estimated variables over
a certain period of time called sea states. In practice, the length of the recording should be
at least 20 minutes being sampled every half second (Journée et al., 2000). The most com-
monly used variables are signi cant wave height H and peak wave periodpT The signi cant
wave height Hg is the mean of one-third of the highest wave heights in the recording. The
Hs provides an good approximation of the most probable wave height in a time period. The
T, is the wave period with the most energy.
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FIGURE 2.2: Wave energy spectrum describes
FIGURE 2.1: Description of regular sea wave. energy per frequency per unit sea surface area

In principle, given a measured irregular wave for T seconds, if one can derive the coef-
cients of every frequency component, then this typical irregular wave can be re-generated

by:
2(t) = S y(ancot D) + trsin ), 2.2)

where a, and b, are real and imaginary part of the coef cient. Notice that:

ancoiZP—nt)+ bnsin(ZP—nt = Anco$2p—nt bn), (2.3)
T T T
where q
An=12z,= &+ b2, b,=e,=tan (b, a), (2.4)
z(t) = SN z,cogwnt &), (2.5)

in which z, is the amplitude of component n. wn(z%n) and e, are the radian frequency
and the phase angle of component n. Therefore, given a measured wave elevation for a
long period, one can carry out a Fourier analysis to transform the wave into the frequency
domain by plotting amplitude with respect to frequency, and thus results the wave ampli-
tude spectrum. However, the instantaneous wave amplitude is a random variable that is
parameterized by a Gaussian distribution with zero mean. By a small time shift, one might
nd a different series of z,. It can be mitigated by calculating the mean of several squared
amplitude components z_ﬁ. Multiplied with constants r and g (see equation 2.1), the wave
spectrum can be expressed as thewvave energy spectrum,8vy,) (see Figure 2.2) by:

S,(Wn)DW = S} 2 22(w), (26)
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where Dw is the difference between two consecutive frequencies. If Dw goes to 0, the energy
spectrum extends to a continuous function de ned by:

S,(Wp)dw = %zﬁ (2.7)

Based on the energy spectrum from the measured wave, one can generate new wave eleva-
tions by using the inverse Fourier transform to compute amplitudes and assign a random
phase anglee, to every wave component. The wave amplitude z, can be calculated by:

q__
zhn=2 S,(wn) Dw, (2.8)

where Dw represents the interval between two discrete frequencies. Thus, an arti cial series
of wave elevation should carry the same energy as a measured one.

In practice, there are many theoretical energy spectra to represent ocean waves. The one
used for this project is the Joint North Sea Wave Project (JONSWAP), which was carried out
about 100 miles from the coast into the North Sea. The project began in 1968 and 1969 with
an extensive measurement of energy waves. The formulation of the JONSWAP wave energy
spectrum (Journée et al., 2000) requires two aforementioned sea-state variablesHs and Ty,

2 1950
320 HS W 5 -|—4 w 4 A

S;(w) = T4 e’r 9", (2.9)
p
with
ol
g= 33 A=¢e (ngi)z, p= 2£

Tp

This can be considered as a tool to approximate the energy distribution of the waves in
the North Sea given the intended sea state. It is extremely helpful for simulating the ship
motions of an offshore activity that will take place in regions with the same sea state. The
resultant spectrum is thus a function of w, and is drastically in uenced by the input sea
states. Eventually, the wave elevation is generated by the linear superposition of every
wave amplitude z, derived by equation 2.8. It is worth noting that, in this project, all the

waves are assumed to be unidirectional. In other words, all waves are coming from the same
direction, which is called a long-crested sea.

2.2 \essel Dynamics

Suppose a vessel is moving in a constant speed, the origin is at the center of gravity (CoG),
the (x,y) plane is parallel to the sea surface at origin and z is pointing upwards. The coordi-
nate system is called steadily translating which follows the right-handed orthogonal rule.



2.2. Vessel Dynamics 7

FIGURE 2.3: De nitions of ship motions in six FIGURE 2.4: RAO is a transfer function of w for
degrees of freedom. each of six motions

The ship motions are de ned in 6 degrees of freedom (DoF) (see Figure 2.3), which con-
sist of three translations of CoG in the direction of the x-, y- and z-axes and three rotations
with respect to the x-, y- and z-axes. Formally, we assume that waves are regular for now.
Then, wave elevation at origin is de ned as z(t) = zacogwt), where z, is the wave ampli-
tude. Then the motions at CoG are given as follows:

Surge: X = XaCo{W; + €y,),

Sway:y = y.co{w; + ey;),

Heave: z = z,cow; + €5,), (2.10)
Roll : f = f ;codw; + ey, ),

Pitch: q = gacogw; + €g;),

Yaw:y = yaCogw; + €y;).

The motion of each individual DoF has the same frequency as the encountering wave, but
the actual motion amplitude is dependent on the response and phase shift (e.g., for heave
motion, the amplitude and phase shift are z, and e,,). The convention for phase shifting is
that if the motion happens earlier than the wave elevation passes zero, then its correspond-
ing phase shift is positive and negative otherwise. If a ship is a rigid body, when the six
motions at CoG are determined, the motion at any location P(Xp, yp, Z,) On the ship is given
by:

Xp= X Yoy + zpq,
Yp= Y+ Xy  zof, (2.11)

Zp =7 Xpq+ Ypf,

where x,y,z,f,q, and y are surge, sway, heave, roll, pitch, and yaw motion at CoG of the
vessel. For a set-down, the point of interest (Pol) is usually at the tip of the boom where
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the heavy object is hung. Thus, it can be directly transferred from the motions of CoG.
Therefore, the key issue is to calculate the motions of CoG. For the rest of this section, we
only analyze the motion on the z-axis (heave). The other motions can be studied in similar
ways.

According to linear wave theory, any irregular wave amplitude can be achieved by the
summation over amplitudes of different regular waves. Recalling the derivation of wave
energy spectra S,(w), one could also derive the ship motion induced by irregular waves
in terms of the motion response of every regular wave component. This is called the motion
response spectrum&v) of the vessel. The motion response spectrum can be simply obtained
from wave energy spectra via a transfer function,

S;(w) dw

1
§Z§(W)

Za, .21l 5
JZ—a(W)J éza(W) (2.12)

= j%(w)jZ&(w)dw.

The transfer function ji—z(w)j2 is called the response amplitude characteristic. In offshore
engineering, it is also known as the Response Amplitude OperatéRAO). In particular, the
coef cients of the RAO are dependent on the hydromechanics properties of the vessel. Itis
essentially a function of regular wave frequencies wp as de ned in the wave energy spec-
trum: s
Za_ (o aw?)+ (bw)2
Za (c (m+ aw?)2+ (bw)?’

(2.13)

where a, b, and c are added mass, damping, and stiffness coef cient. It outputs a relative
ratio between the absolute motion response and the wave amplitude for a given regular
wave frequency. For example, a heave RAO of 0.5 in a wave amplitude of 2m indicates that
the vessel has an up-and-down motion (heave) from -1m to +1m from origin. A pitch RAO
of 2 in the same wave means that the vessel has rotation around y-axis from -4 to + 4 degrees.

Knowing the motion response spectrum S,(w), the total motion can then be calculated
by adding the motion responses of every individual wave component:

q___
Za(w) = 2S,(w) Dw, (2.14)
z(t) = SN zncogwn(t) e,,).

When the motion response spectra for all the six motions are presented, one can generate
arti cial time traces at CoG for the six DoFs. According to the principle of transformation,
the time traces of motion of any Pol can be derived by equation 2.11. Hence, by far, we can
fully generate the arti cial wave and resultant vessels motions given a particular sea state
in absence of any additional forces.
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In summary, the pipeline of creating motions in the simulation environment is as fol-
lows: First, create a theoretical continuous wave energy spectrum (by the formulation of
JONSWAP). Second, derive the RAOs of the vessel (which are directly available in HMC)
and generate a response spectra transferred from the wave energy spectrum. Finally, gen-
erate the time traces of motions of interest by the inverse Fourier transform with random
phases, as shown in equation 2.14.

As a preliminary study, in the simulation environment, the waves were unidirectional,
which means that only up to three motions (two translation and one rotation) were applied
on a vessel. Two translational motions are heave and surge in y-z plane, and the rotational
motion is the pitch about x-axis. The RAOs were chosen from one of the crane vessels owned
by HMC. Each of the vessel motions was expected to be non-periodical since the phases of
regular wave components were randomized.

2.3 Crane Vessel Properties

Offshore construction is mainly completed by crane vessels. Figure 2.5 presents a general
arrangement of one of the crane vessels owned by HMC-Sleipnir from the port side. Nor-
mally, the crane vessels used for heavy-lifting activities are semi-submersible crane vessels
(SSCV).

FIGURE 2.5: SSCVSleipnir
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Compared to normal oating vessels, the SSCVs offer better motions on the deck. Such
response is obtained mainly by its hull shape of the pontoon under the water. The pontoons
are connected to the four columns. Due to its water area plane, the SSCV has a different
behavior than the hull of normal vessels. This makes SSCVs less responsive to worst sea
waves. Additionally, SSCVs keep their own position by thrusters and dynamic position (DP)
systems. These systems ensure the station keeping while lifting extremely heavy objects.

On the deck, there are two main cranes with heavy-lifting capacity. The crane is installed
at the corner of the deck (bow side). For heavy-lifting activities, the load is hung by blocks
(see Figure 2.6). Depending on the weight and technical speci cations of the load, there are
three blocks for different purposes. The whip block has the fastest speed and the longest
reach with the least lifting capacity. The main block offers the largest lifting capacity, but
its operating speed is the slowest. The auxiliary block is faster than the main block, but its
lifting capacity is smaller.

FIGURE 2.6: Heavy-lifting crane on Sleipnir

Blocks are connected to the boom by hoist wires. Hoist wires are reeled at the wincheson
the backside of crane cabin. The action to lower the block is called payout where the winch
extends length of hoist wire to the block; conversely, for the lifting operation, the crane op-
erator has to haul-in the hoist wire. The maximum payout/haul-in speed of each block is
dependent on the angular velocity of the connected winch. Since electrical motors drive the
winch, it takes a small amount of time to actually reach max speed. The delayed time for
reaching maximum RPM is referred to as ramp-up time Ramp-up time varies between differ-
ent blocks. For real applications where ship motions are presented, it is critical to consider
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the dynamics within the period of ramp-up, which requires an additional prediction of ship
motions.

The blocks are suspended from the boom. The boom can move independently to go up
(boom up) or down (boom down). In this project, we assume that the position of the boom
always remains xed. Furthermore, the boom can be rotated about the z-axis with respect
to the deck, which is known as slewing With the rotation in both directions, it transports the
load to the target position of the set-down. Note that the slewing speed is also affected by
the ramp-up time.

In the simulation environment, for every time step, the agent is only allowed to operate
one of ve actions: payout, haul-in, slew left or slew right, and, of course, do nothing.
The ramp-up and motion are based on HMC vessels. More details with concern to the
environmental con gurations are covered in Chapter 4 to Chapter 7.

2.4 Prerequisites of Set-Down

A real set-down operation is presented in Figure 2.8. In practice, the completion of a set-
down comprises several pre-requisites. First of all, the weather condition. The weather con-
ditions determine the workability of an entire project schedule. The downtime due to the
weather conditions is known as weather down timer waiting on weathe(WOW). The WOW
is primarily affected by the Metocean conditions, which consist of the aforementioned sea
states, wind and the long-term forecasting of currents. The sea state is a statistical descrip-
tion of the wave characteristics over a long period. Typically, the sea state will not change
for about three hours, and it takes few days to undergo radical changes.

In HMC, the workability is assessed by assigning operability criteria to activities. Typical
ways to assign the criteria include using provided sea-state forecasting and vessel motion re-
sponses. For heavy-lifting activities, the most commonly used criterion is HSTFZ,. Depending
on the weight of load and type of barge, this limit is normally set to 150, which essentially
constrains the value of Ty (peak period) to be relatively small; thus, wave peaks come more
often. The intuition of this limit has to be combined with the RAO (see Figure 2.4). Assume
the wave is regular in a long period and remains steady. Then, the value on the y-axis rep-
resents the relative ratio of heave response with respect to the wave amplitude. Assume
a ship is a spring-mass system; the responses of low frequencies are dominated by spring
coef cients, which are essentially the hydrostatic properties of the vessel. The responses for
higher wave frequencies are affected by the added-mass term which is similar to the mass
of a vessel. As shown in Figure 2.4, the higher the wave frequency is, the less response the
vessel produces. Nevertheless, if the wave frequency is low, the vessel has the risk of falling
into the response range dominated by the damping term, which causes the vessel resonance.
It is not ideal because it produces huge heave motions. Therefore, higher frequency waves
are preferred for the sake of ship motions. The high frequency is equivalent to shorter wave
periods. In practice, a SSCV is still able to maintain good motion response against high
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amplitude waves as long as the wave period is short. Therefore, the peak period ( Tp) has
a higher impact on operability criteria, and we normally take the term of HSTg for a quick
assessment.

FIGURE 2.8: Photo of a real execution. (Left) suspended module on
crane. (Right) Module on barge for transport. [Photo: Bo B. Randulff
FIGURE 2.7: Wave envelope og Jan Arne Wold/ Equinor.

Second, any irregular wave owns the shape of a wave envelope (see Figure 2.7). The mo-
tion response to irregular waves can be split into several wave groups with distinct lengths
and transitions. Suppose we connect crests and troughs all together by lines. It turns out
that the distance between the upper and lower outline is varying on time. This information
is particularly useful in set-down operations. If the vessel response is too high, it implies
that the vessel is probably in the middle of the current wave group. Then, the better option
is to wait for the transition of the next wave group because the response might be lower
there. Therefore, the recognition of the wave patterns and knowing exactly when a favor-
able moment will come make the offshore set-down more challenging. Meanwhile, many
actions have to be taken in advance in order to be able to utilize the favorable moment.

2.5 Set-Down Simulation Environment

The target of the set-down is to transfer the heavy object (yellow) onto the barggthe platform
in green in Figure 2.9). The horizontal positional guide (in blue) is known as the bumper
which the crane operator is allowed to bounce against for keeping positioning. However,
the maximum allowed contact on the bumper is strictly constrained according to the engi-
neering design of the bumper in HMC. The dimension of the load is 20m (I) x 20m (w) x 40m
(h), and the initial distance between the bottom side and the barge deck is about 17m. The
dimension of the bumper is 40m (I) x 5m (w) x 5m (h). At the beginning of every episode,
a random initial swing amplitude is posed at the hoist wire in y-z plane to ensure that the
initial position is always different.

In this project, we have created four different simulation environments with distinct lev-
els of simpli cation. As a feasibility study carried out completely from scratch, we started
the experiments under the simplest possible environment, namely basic 1D(see Chapter
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FIGURE 2.9: Visualization of advanced 2D simulation environment

4). In basic 1D, we assume that waves only produced heave motions on a vessel and the
ramp-up times of payout and slewing were completely ignored. Moreover, in  advanced 1D
environment (see Chapter 5), we maintained the constraints on vessel motion but took into
account the ramp-up and evaluation on re-impacts, which signi cantly increased the dif -
culty of the problem. Furthermore, in Chapter 6 and Chapter 7, we continued challenging
the agent in more sophisticated 2D environments where lateral motions were enabled. More
details about the simpli cations and differences of environments are elaborated on from
Chapter 4 to Chapter 7. A quick glimpse of the 2D environment is presented in Figure 2.9.

2.6 Evaluation Metrics

The evaluation of a set-down operation consists of multiple factors, the rst of which is the
set-down precision. In most set-down cases, the load is expected to be placed on a speci ¢
location of the barge, which is especially important when the barge deck is relatively full or
the load mode to be sea-fastened to certain details. Any unexpected collisions against other
objects should be avoided, which explains engineers' concerns about the distance that the
load deviates from the targeted position. In practice, positional guides (bumpers) are placed
around the targeted position on the barge. The bumper allows the crane operator to bounce
against it to make the position better. For the 1d environment, we assumed that the load
was always on top of the targeted position, and all objects only had heave motions. In that
sense, the set-down precision did not apply. For 2d environments, however, the set-down
precision was evaluated by the distance between the lower right-hand corner of the load
and the left edge of the bumper.



14 Chapter 2. Offshore Environment and Set-Down Operation

The second evaluation concerns the impact force. The impact force could occur on both
the barge and the bumper whenever there is contact. Most offshore structures are quite
sensitive to impacts (i.e., the blades of wind turbines) and the structures must be well pre-
served before the installation. Therefore, the magnitude of impact force is essentially the
most important factor for a set-down.

Under ideal conditions, a set-down can be seen as an elastic response problem. At the
moment of contact, we assumed that the barge was perfectly elastic, and it was fully con-
verted to incoming kinetic energy Ey to spring deformation energy Ep with stiffness k:

Ex = Ep, (2.15)
provided,
1
E.= —mV2,
kT2
F= kx,
4 Xmax Xmax 1
— — — 2
Ep = . Fdx = . kxdx = ékxmax.

Since Fnax = KXmax We get the following equations:

1 1
émv2 = ékx?nax,
1 — Fnz”lax
émv2 = ak ,
F=v mk (2.16)

For a speci ¢ operation, m and k are constants. According to Equation 2.16, the impact force
is linearly dependent on the relative velocity at the moment of contact and sub-linearly on
the stiffness of the barge. In 1D environments, we assumed that objects only had relative
heave motions, therefore, the impact force can be simpli ed by the impact velocity, which is
essentially the sum of the distances traveled by the load and the barge within a single time
step during the contact. Based on the HMC experience, the common limit on the vertical
impact velocity for a set-down is 0.4 m/s.

For 2D environments, measuring the contact is slightly more complicated because the
object has velocities in two directions with a certain amount of momentum and inertia. We
read the measurement directly from the analyzing toolboxes provided by the simulator. We
evaluated the max contact force applied to the bumper and the barge separately. In HMC,
there are strict engineering limits on the maximum allowed impact force on the bumper,
which is 10% of the total mass of the load.
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2.7 Practicalities

In reality, there are some pitfalls that might drastically in uence the quality of a set-down.
These thoughts can be very useful to shape the reward function for training the agent.

One of the most common phenomena during this process is the pendulum swing of the
load. Because the load is suspended from the hoist wire with huge weight and inertia, the
swing motion occurs easily even with small actions or movements at the crane tip. Itis
always the rst priority to slow down the swing in order to reduce the horizontal impact
force. However, it is tricky because in some cases, due to the ship motions caused by waves,
the swing still occurs automatically even if the crane operator has not taken any action,
which makes it harder to stabilize the load in offshore environments. In addition, the actual
position of the vessel is also affected by the actions of the crane operator (e.g., induced roll
motion due to the slewing of the crane).

Another issue is re-impact. Re-impacts are the follow-up contacts between the load and
the barge when the set-down is completed. The re-impact is caused by the difference in
the motions of the load and the barge after the rstimpact. Suppose the load contacts the
barge when the barge deck is just about to descend. If the barge deck descends much faster
than the subsequent payout of the load, a gap will appear, which may eventually lead to
unexpected impact forces. In practice, the crane operator always switches to the maximum
payout speed as soon as the load contacts the barge to ensure that the length of extra payouts
in hoist wire can cover the distance that the barge travels after the set-down. However, the
pay-out speed is signi cantly slower than wave induced motion.

However, under 2d environments, the re-impact is even more harmful in the sense of
horizontal motions. For heavy loads, a sudden upward motion occurs on the crane vessel as
soon as the vessel loses the weight of the load. If the hoist wire is still connected to the load,
it suddenly lifts the load and pulls the load away from the target potision in both vertical
and horizontal directions. Suppose the load is very close to the bumper with its own pitch
motion. A huge impact force occurs when they collide with the highest horizontal relative
velocity in the opposite direction. Therefore, the abnormally high impact forces on bumpers
are sometimes due to the re-impact in the horizontal direction, which needs to be strictly
controlled by the "10%" criterion.
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Chapter 3

Reinforcement Learning

The core of this project is about training an agent to complete the set-down. In this chapter,
we brie y review the theoretical framework of RL that contributed to the methods used to
train the agent.

3.1 General De nition

Reinforcement learning is about mapping states to actions in order to maximize the reward
given from the environment by sequential decision making. The problem that RL solves
can be formally described as a Markov decision process (MDPThe solution to an MDP is
a general rule to select an action that leads to the maximum reward signal of the episode.
In particular, the Markov propertyspeci es that the environment is fully observable, which
means that the future state is independent of past states given the current state. However, it
does not hold for most practical applications.

Formally, an MDP is a tuple in the form of < S A,P,R,g >, where Sis a nite subset
of all possible states in the environment, A is a nite set of all actions that are valid in the
environment, P is a state transition probability matrix that provides the probability of enter-
ing the next state from a given current state and action, R is a reward function of entering
the current state given the action, and g is a discount factor ranging from 0 to 1. The value
1 simply implies that all rewards should be treated equally, and 0 means that only the next
reward is relevant. The common selection is between 0.9 and 1.

The goal of solving the MDP is to nd a policy p(as) to choose actions that lead to
the maximum expected return. A stochastic policy is a probability density function over
all actions given by p(ajs) = P[A; = aS = s|. There are two distinguished classes of
algorithms that are used to solve MDPs: the value-base@nd policy-base@pproaches. For
the value-based approach, a policy is derived from a value function \}(s) of states. The
value of a state refers to the expected return starting from the current state suntil the end of
the episode by following the current policy p. Alternatively, a policy can be derived from
an action-value function Q(s, a), which estimates the expected return from state s, taking
action a, and following the current policy p. The value and action-value functions can be
decomposed into instant reward R of taking action a at state s plus the value of the next



3.2. Value-Based Methods 17

state V(89 that eventually satis es the Bellman expectation equation:

Vo(9)= & p(a9)(Re+ g & PiVp(s)),
a2 A 25

Qp(sa)= R+ g a Py a p(afshQu(s’d).
s2s a2 A

(3.1)

Accordingly, given an MDP, one can derive its value-function. This procedure is known
as prediction If the transitions of MDP P2, are known, iterative methods such as dynamic
programming can be applied. If they are unknown, methods such as Monte Carlo (MC)
and temporal difference (TD) learning (Sutton, 1988) are applicable, which are classi ed as
Model-freemethods. However, the actual solution to an MDP is to nd the optimal value
function V (s) or Q (s, a) provided an initial policy, which is commonly known as a  control
problem. The solution to the control problem satis es the Bellman optimally equatian

V(9= max(R3+ g & PV (s)),

25 (3.2)

Q (sa= R%+ g d PLymaxQ (s &).
2s &

and speci es the best possible performance in the MDP. The other class of algorithms is
policy-based methods. In contrast to value-based methods in which the optimal policy
p (gs) is found by maximizing over all Q(s, @), policy-based methods directly nd the op-
timal parameterization of the policy pq(s,a = P[ajs,g]. The action can thus be sampled
directly from the prediction of the algorithm.

3.2 Value-Based Methods

Recall that the value function is the expected return of a state Vy(s) = E[RyS = s]. The
return is de ned as the total discounted reward from time t until the end of the episode:

Re=re+ gre+ g%ro+ ot 9" Mt g, (3-3)

and the new value of V(s) is updated toward the difference in true outcome versus the
estimation. There are two critical ways of describing the error term, which are  Monte Carlo
(MC) and temporal difference (TD)The former uses the empirical mean return instead of
expected return G;. Formally, in order to update the value of state s, the error is calculated
by the true return of the episode minus the old value of state s and the error is scaled by
dividing by the number of visitations N(s) of state s:

V(s) = V(s)+ (Rt V(s), (3.4)

1
N(st)
V(s) = V(st)+ a(rev1+ gV(s+1) V(s)). (3.5)
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which requires the algorithm to complete the entire episode. On the other hand, TD com-

putes the error by introducing a target value (TD target) (see equation 3.5), which is the

discounted expected return from sCplus the reward of entering sfrom s, and a is the learn-
ing rate. The TD error is simply a difference between a more realistic estimation (TD target)

and the current estimation (V(s)).

There are mainly three signi cant differences between MC and TD updates. First, the
MC method must wait until the end of an episode in order to know the true return, whereas
TD can perform an update for every time step as long as a value function exists. Hence,
MC is only applicable for episodic environments. The second difference concerns the bias
and variance trade-off. The MC method introduces huge variance because the error for the
update is composed by the true value, which is computed from a long horizon. It might
be possible that one episode has a much stronger in uence than the others such that the
algorithm might just update toward it and get closer to optimum. However, TD meth-
ods are biased because the TD error measures the difference between two estimated terms.
Therefore, the TD error is less accurate, especially when the value function is just initialized.
Finally, TD methods are more useful for states with Markov properties because the TD error
merely compares with two successive states. Conversely, due to using the future trajectories
to compute the return, MC methods are more effective in hon-Markovian environments.
One way to facilitate the advantages of both methods involves using | returns (TD(l )). The
intuition is that, for evaluating the value of state s, instead of only bootstrapping one step
(TD target) or waiting for the true return (MC), we accumulate n step immediate rewards
from R; to Ri+n plus the estimated return onwards V (Si+n+1):

Rt(n) =TIt grisst gzrt+2+ .t g" Yeen 1+ 9"V (st+n), (3.6)
Rl=(1 1)§ 10 DR
n=1 (3.7)

V(s) V(s)+a(Ry  V(s).

Then, we take a weighted average in terms of | over a number of different "n-step" returns,
which eventually leads to a TD( | ) error (see equation 3.7). The factorl determines how
fast the importance of long-term return is decayed. When | is 1, it becomes standard Monte
Carlo and pure TD when | is 0.

For most problems, we want to achieve an optimal policy based on an initialization.
In the sense of value-based methods, the optimal policy can be derived from the optimal
value function V (s). Suppose we have obtained a value function V (s) based on policy p,
and the MDP (model) is unknown, then the only way to derive the improved policy is to
select actions greedy over the action-value function p(s) = argmax,, , Q(s,a). This policy
iteration is known as model-free controlWhen the policy is far from optimal, especially for
the beginning, it is important to encourage exploration over all possible actions. An overall
of common exploration methods was given in (Wiering, 1999). For the value function, one of
the common waysis e greedyexploration. It chooses an action at random with probability
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e and chooses an action with the highest action value a = argmax, Q(s, a) with probability
1 e. According to the policy improvement theorem (Jaakkola et al., 1995), ifthe e greedy
policy p is improved, then the equivalent value function V, is also improved.

For control problems, it is more straightforward to use TD methods than MC meth-
ods. This is simply because the TD target can be directly plugged into Bellman equations
for policy evaluation, and the update can be performed in every time step, which is much
more promising in terms of sample ef ciency. Depending on the rules of updating Q-values
(action-value of a state Q(s, a@)) for policy evaluation, there are mainly two different classes
of methods. Recalling the TD target of the value function in equation 3.5, which consists
of an immediate reward r and an estimation of expected return onwards, then we convert
it in terms of state-action values, which immediately raises two options. For estimating
the return from state s° if we stick to the state-action value indicated by the current policy
Q(s%, a9, we will get an on-policyevaluation rule:

Q(sa Q(sa+ ar+gQ(sta) Q(sa), (3.8)

which satis es the Bellman expectation equation (equation 3.1), which is also known as state-
action-reward-state-action (SARSAYutton, 1996). Another on-policy method is QV-learning
(Wiering, 2005). In QV-learning, a separate value function V is learned in addition to the
action-value function Q, and in contrast to SARSA, the action-value function Q used for
computing the TD target is replaced by the independent value function V, which results
in better estimations of state-value function by using more experiences (Wiering and van
Hasselt, 2009). On the contrary, suppose we completely ignore the current policy and choose
the maximal Q value of state s°for calculating the TD target; then, the policy evaluation
becomesoff-policy

Q(sa) Q(sa+ a(r+ gmaxQ(sha) Q(s a), (3.9)

satisfying the Bellman optimality equation (equation 3.2). The updating rule of the action-
value function in equation 3.9 is known as Q-learning (Watkins and Dayan, 1992). The con-
vergence to the optimal action-value function of SARSA and Q-learning are theoretically
guaranteed for tabular cases (Sutton and Barto, 1998).

In practice, considering the dimensionality of the state space, the value functions are
normally represented by differentiable function approximations instead of a look-up table.
The value function V (s) is parameterized by a set of weights gsuch that V,(s)  V4(s). One
of the most popular choices of the function approximation is a neural network. The weights
are updated toward the gradient of error in the approximated value function. In practice,
the true value for computing the error in the objective function is substituted by a target
return in a TD or MC fashion. Due to the non-linearities of the activation functions of neural
networks, the convergence of TD approaches is not guaranteed (Sutton and Barto, 1998).
It is widely accepted in Supervised Learning that the gradient update over a mini-batch
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is much more ef cient than having an on-line update. Therefore, for off-policy methods,
an experience buffer is created to store the experience transitions (s, a, r,s(b that the agent
has experienced. Then, a small subset of all experiences is sampled to compute the gradient.
This procedure is known as experience replayin, 1992), which largely decouples correlations
in the sequence of observations.

3.3 Policy-Based Methods

Another branch of RL algorithms is policy-based methods. Contrary to value-based meth-
ods, which obtain the policy from value functions, policy-based methods do not use value
functions but directly return the policy p (s, a) with a parameterization of input states p (s, a) =
P(as,g). One of the advantages of policy-based methods is their effectiveness in high-
dimensional and continuous action spaces. Recall that value-based control algorithms ex-
clusively compute the state-action value for all possible actions given a state. If the action
space is continuous, then the number of actions is in nite, which makes it less ef cient to
learn the optimal policy. This typically happens in robotic control where the policy is the
rotation angle of a joint. Furthermore, the policy gradient method is guaranteed to converge
to a local optimum given a differentiable function approximation (Sutton, McAllester, et al.,
2000). However, value-based functions have no convergence properties using non-linear
function approximations and sometimes might even diverge.

We are looking for an optimal policy that maximizes the expected return of the episode.
The objective function is thus simply J(q) = VPa(s), where g is the initial state of an
episode. Then, a single update can be achieved by ascending the gradient of J with re-
spect to g. According to the policy gradient theorem (Sutton, McAllester, et al., 2000), the
gradient of any policy object function can be represented by:

r qd(q) = Epylr glogpg(s @ QP(s, a)l, (3.10)

which is the expectation of the product of the gradient of the policy value and the long-term
return given state and action QPa(s,a). Therefore, suppose we update the policy by only
one episode and use an unbiased Monte Carlo return for QPa(s, a), then the update rule for
the policy function is given in equation 3.11, which formulates the REINFORCE algorithm
(Williams, 1992) with MC return:

q g+ ar plogpg(s, a)R. (3.11)

The vanilla REINFORCE suffers from the same issue as MC control methods, which
is the high variance due to the unbiased return. In light of the policy gradient theorem
in equation 3.10, a natural idea is to replace the long-term expected reward of the action,
QPa(s,a), with a function approximation with a parameterization of  w, that is, Qu(s, a)
QPa(s, a), which leads to the class of actor-criticalgorithms (Konda and Tsitsiklis, 2000). The
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actor is parameterized by q for generating the policy given the state, and for the critic, an
action-value function approximation is used to estimate the long-term return of the current
state and action. The actor is updated using the estimation from the critic while the critic is
updated using the TD error (equation 3.5). The actor-critic system approximates the policy
gradient in the following equation:

d=r+gmaxQu(s’d) Qu(sa),
q= g+ ar glogpq(s, aQw(s, a), (3.12)

w  w+ ad ,Q(s a).

This introduces bias due to the nature of value function approximation. According to the
compatible function approximation theorem (Sutton, McAllester, et al., 2000), if the error of
a critic is small enough in estimating the expected long-reward return, then the convergence
property of the method will follow the  exact policy gradientTherefore, the variance of the
standard actor-critic method can be further degraded by actually reducing the bias in ap-
proximating the policy gradient, that is, the bias in the critic. Such reductions fall into the
de nition of using an advantage functionThe advantage function intuitively quanti es the
extra gain of reward of taking action a at state s over the average such that the bene t of a
particular action over others are clari ed. This is done by subtracting the baseline Bs) from
the critic. A common selection of baseline is the value-function of state s with another set
of weights, e.g., V\(s) (see equation 3.13). Given the chain rule ofr jlogf(qg)jq,,, the policy
update can be represented in terms of importance samplingequation 3.14), which is the ratio
re = pg(ajst)/ pg,(ais) in proportion to differences between the output of new and old
policies given the same states;:

APi(s,a) = Qu(s,a)  Vu(9), (3.13)
I qJ= Ep,[r glogpq(s a)APa(s,a)],

_ e Pal@i®) o, (319
M gad Et[p%ld(atjst)A %oia (s, &)].

As stated in the section above, a more appealing way to estimate the return in the advan-
tage function is TD(| ), which estimates the return of a state-action value by the weighted
average over multiple roll-outs. The results in (Mnih, Badia, et al., 2016) show that combin-
ing TD(I ) and the value function in approximating the policy gradient leads to much better
convergence in practice.

Besides using advantages functions, van Hasselt and Wiering (2007) introduced the Con-
tinuous Actor Learning Automaton (CACLAdhat uses the sign of the temporal difference error
instead of its magnitude. Cacla can be implemented directly in the continuous action space,
especially for the problem where the distance to the optimal action is more informative than
the estimation of the value improvement. CACLA is thus invariant to the scaling of reward
functions, and the results in (van Hasselt and Wiering, 2007) show that CACLA outperforms



22 Chapter 3. Reinforcement Learning

other policy-based methods in continuous action spaces.

Above all, policy-based methods are, in general, limited by sample ef ciency and step
size. Due to the nature of on-policy methods, it is only possible to perform one gradient
update for each sampled trajectory; that is, the samples are discarded as soon as the gradient
is computed. Additionally, if training episodes are generated in a random manner but the
algorithm uses a xed step size, then the algorithm might converge to a local minimum
caused by the updates on bad trajectories and may not be able to converge.

3.4 Recent Advances in RL

3.4.1 Value Function

The recent advances of RL comprise deep neural networks (DNN) and RL algorithms. The
former harnesses a deep network topology to extract high-level features and generates rele-
vant abstractions of the input state. This allows RL algorithms to solve very complex tasks.
Simultaneously, advances in RL algorithms also improve the performance of many baseline
algorithms.

One of the rst algorithms to couple DNN and value-based methods is the deep Q-net-
work (DQN) (Mnih, Kavukcuoglu, et al., 2015). The core of DQN is model-free, off-policy Q-
learning using the value function approximation; DQN was initially applied to play Atari
games by taking graphical inputs as human do. The inputs are rst processed by convo-
lution layers, which are widely used in image classi cation DNNs such as CNNs (LeCun
et al., 1998) to extract high-level features from the input. Note that, instead of separately
computing a Q value for every action, the FA of DQN computes all Q values at once. Like
other value-function approximation methods, the objective of DQN (see equation 3.15) is to
minimize squared temporal difference (TD) errors. Due to the non-linearity of the function
approximator, the convergence of the control problem using Q-learning is unstable and not
guaranteed. The policy is pretty sensitive to small updates of the value function, and the cor-
relations between observations might increase the variance of the update. Therefore, DQN
degrades the correlations between inputs by using an experience replay buffer D initially
proposed by Lin (1992). The gradients of a batch are calculated by the TD error of randomly
sampled transitions (s, a, L r):

L(a) = Bsasrol(r+ gmaxQ(siaha ) Qs &)’ (3.15)

Additionally, DQN uses two value functions for calculating targets and estimations sep-
arately, and they are updated asynchronously. The bene t of introducing a separate target
network is to stabilize correlations between target and value estimations. Intuitively, the
value network is a student to imitate the target network. It will be easier for a student qto
learn if the distribution of target network g remains xed for a while than if it changes all
the time. For every input, DQN stacks multiple frames so as to extract high-order features
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such as motions due to the partial observability in the nature of image input. There are a
couple of enhancements based on vanilla DQN. Since standard Q-learning takes maximum
operators for updating the function approximation (see equation 3.9), it involves an opti-
mistic bias in calculating the error if the true value is rather small. Therefore, an incorrect
action might get learned too fast in the beginning, which is known as maximization bias
(van Hasselt, 2010). A natural idea is to replace the max operator in the target value by a
less biased estimation. Thanks to the two-network framework of DQN, double DQN (van
Hasselt, Guez, et al., 2016) removes the bias by calculating the TD target Q) using the
action indicated by the value network ( Q1):

Q1(S, A1) Qu(Si, Ap) + a[Ri+ 1+ 9Q2(St+ 1, argmax Q1(S+1,@)  Q1(St, Ay)].  (3.16)

Moreover, for every update, batches are sampled uniformly from the buffer. For prob-
lems with rewards that are delayed or given seldomly, the importance of each sample is
largely in difference. One way is to correct the sampling probability in proportion to the
magnitude of TD error (equation 3.5). Therefore, effective samples are seen more often. In
order to avoid overly large step sizes, Schaul et al. (2015) attempted to correct the step size
by importance sampling. Furthermore, since actions do not always have huge impacts on
rewards, it is also particularly common that the selection of actions does not make a huge
difference since all the actions lead to a similar future. Based on this intuition, Wang et al.
(2015) proposed dueling DQN, which estimates the Q value for every action by aggregating
separate estimations of the state value and the advantage value. The advantage function
essentially measures how much more important an action is than others. By providing this
dueling aggregating module, Wang et al. (2015) achieved a substantial enhancement over
vanilla DQN.

3.4.2 Policy Gradient

With regard to policy-based methods, the standard policy gradient suffers from two issues:
sample ef ciency and step size. For the vanilla policy gradient, trajectories are generated
following the on-policy manner, which only allows the trajectory to be used once and dis-
carded right after. On the other hand, the standard policy gradient, in general, is high in
variance because the gradient is computed based on correlated trajectories. If the gradient
update is derived from poor samples, the policy will probably be shifted to a local mini-
mum with a large step size. However, too small a step size will slow down the optimization
procedure.

Schulman, Levine, et al. (2015) successfully addressed the issue of step size by intro-
ducing a trust region Intuitively, we assume that any policy update within the trust region
does not dramatically change the policy distribution. The goal of policy optimization is to
keep improving the expected long-term return R(p) of policy p. Given the de nition of
advantagen equation 3.13, the improvement of the new policy R(p) R(p) is essentially
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the expected advantage value of taking actions sampled from the new policy & p(ajs)
on the trajectory of old policy p:

R(F) = R(p)+ Edld 9'Ap(s &)l (3.17)
t=0
Assuming the state visitations rp(s) of the old p and new policies p are close, a local ap-
proximation to the expected return (given in equation 3.17) of the new policy Ly (p) can be
formed by:

Lo(F) = R(p)+ & rp(9) & F(as)Ap, (3.18)
R(P) Lp(P)+ CDE™(p.p). (3.19)

Kakade and Langford (2002) proved that the expected return of a policy R(p) is guar-
anteed to increase monotonically as long as a policy update improves the right-hand side of
equation 3.19, and the improvement is bounded by a distance measure (KL divergence Dk )
of the policy update. Therefore, in order to improve the lower bound, the "surrogate" loss
objective function for trust region policy optimization (TRPO)s proposed in equation 3.20.
The objective is to maximize the expected advantage of the new policy while minimizing
the KL penalty of two consecutive policy updates. In that sense, a trust region constrains
the largest allowed change of one policy update:

Pglajst)

b (ajs) (@) DDKLIPay(s).Pa(SIll (3.20)

maximize E¢[
q
A novel extension called proximal policy optimization (PPOproposed by Schulman, Wol-
ski, et al. (2017) signi cantly reduces the computation on the conjugate gradient in equation
3.20. Moreover, PPO replaces the constraint on KL divergence in the surrogate loss of TRPO
by a clipping function given by: 3.21.

LCHP(q) = E¢[min(it(q) Ar, clip(it(q), 1 e 1+ e)Ay)]. (3.21)

It clips the policy update (product of importance sampling iy = (pg(ajst))/ (Pg,.(&jSt))
and advantage) by a hyperparameter e withinthe range 1  eto 1+ e. The clipping allows
the change of the policy within a range and essentially restricts that the new policy does
not change too much from the old policy, which satis es the original idea of a  trust region
Accordingly, multiple steps of stochastic gradient ascent are actually possible on this sur-
rogate objective, which improves the sample inef ciency issue of standard policy gradient
methods.

One of the key techniques in the variance reduction of policy gradient methods is the use
of the advantage function. One popular choice is the nite-horizon estimatorinitially intro-
duced in (Mnih, Badia, et al., 2016), where the state-action value in the advantage function
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is estimated by the sum of the discounted reward in a nite horizon | =T tfromtime tto
terminal T (see equation 3.22). However, the variance is still high when the horizon is very
long.

A = ritgriat g T 1+ g'V(se) V(s). (3.22)

Motivated by the forward view of the TD( | ) backup, Schulman, Moritz, et al. (2015) intro-
duced the generalized advantage estimat@ihe state-action value is instead estimated by the
weighted summation over multiple nite-horizon estimations with various lengths:

d' = re+ gV(se1)  V(s),
0 (3.23)
Ac’ = d+ (gl )der+ (gl )izt .+ (gl) Tdut 2
At = ( 1 1 )(At(l) + | AAI(Z) + | ZAt(S) + )
(3.24)

A= a (g )Idtv+l'
I=0
Each nite-horizon estimation with length | is discounted by | !, which results in equation
3.24.

3.4.3 Hierarchical Reinforcement Learning

For many goal-driven problems, the reward for feedback about agent behavior can be very
sparse, requiring the agent to have levels of abstraction of the environment and use hi-
erarchical policies. Sutton, Precup, et al. (1999) introduced the concept of option for the
generalization of primitive actions in an MDP setting. The option consists of a policy with
the validity from its initial state until the terminal state. As soon as an option is activated,
all actions are selected according to the policy of the option until termination. Any MDP
that includes the selection of options is called a semi-Markov decision proce&&MDP), which
allows each action to take various amounts of time.

Many researchers have worked on such hierarchical policies for complex problems. Wier-
ing and Schmidhuber (1997) proposed HQ-learning that learns ordered sequences of sub-
policies for each of the sub-goals. The sub-goal is a speci ¢ state that is chosen according
its corresponding HQ-table. Every HQ-table is updated toward the expectation of the fu-
ture reward of the subsequent sub-goal. Contrary to HQ-learning, Dayan and Hinton (1993)
initially introduced the idea of feudal control that decomposes the hierarchy into "super-
manager and sub-managers" at levels with different explicit goals. Managers reward and
select sub-tasks for sub-managers all the way down to primitive actions. Each sub-task
refers to its own MDP. The manager recursively satis es its super-manager until the goal
of the highest-level manager is satis ed. Dietterich (1998) extended feudal control by in-
troducing the MAXQ method that represents the optimal value function of an MDP by the
value functions of the MDP at lower levels and ensures the Markov property for sub-tasks
at each level of the hierarchy. The FeUdal network (FuN) (Vezhnevets et al., 2017) and hi-
erarchical DQN (h-DQN) (Kulkarni et al., 2016) incorporate the hierarchical RL with deep
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networks. A meta-controller computes sub-goals based on a recursively optimal policy, and
corresponding controllers try to achieve maximum intrinsic rewards from the sub-goal. As

a variation of DQN, h-DQN uses action-value functions for both the meta-controller and
the controller while FUN adopts recurrent networks for all controllers and derives policy-
by-policy gradient methods, as in the option-critic method (Bacon et al., 2017). They both
represent substantial improvements on Montezuma's Revengene of the most challenging
games on ATARI, where rewards are given rarely in particular states. Alternatively, the
H-DRLN given in (Tessler et al., 2017) demonstrates a better policy can be achieved if the
controller is allowed to select from all primitive actions as well as from pre-trained skills
that are good at solving the sub-tasks of a complex problem.

3.4.4 RL with Monte Carlo Tree Search

Monte Carlo tree search (MCTS) methods have already signi cantly aided in solving com-
plex problems that require sequential decisions and planning. Numbers of MCTS variants
have shown great success in playing many combinatorial games, such as Go, Hex, as well
as some other non-game applications like combinatorial optimization and scheduling tasks
(Browne et al., 2012).

In contrast to traditional exhaustive tree search algorithms, such as Minimax, MCTS
builds a search tree within a certain computational limit. Every node of the tree represents
an action and is associated with a value that represents the expected total reward of taking
this action unitl it is terminal. Although action values are estimated by random simulations,
MCTS enables the estimations to be achieved ef ciently with respect to the computation
limit. In principle, one might perform a complete MCTS for the selection of every action.
An MCTS consists of four stages. 1) Selection: Starting from the root node s, a tree pol-
icy peeis applied recursively to picking child nodes (s, a) until it reaches an expandable
node that has unexplored children. 2) Expansion: Add a few nodes at the expandable node
according to the tree policy. 3) Simulation : Run several simulations starting from nodes
that are unexplored or expanded in the Expansion stage until the terminal state. Note that
the policy used in the simulation p o4t IS different than selection. 4) Backpropagation :
Update the state-action value of a node Q(s, a) by averaging the rewards of all simulations
that include this node. In other words, the value of a node re ects the average rewards of
taking the action over several simulations. The most popular choice of the tree policy is
the upper con dence bound for tre€dCT) (Kocsis and Szepesvari, 2006). Instead of always
selecting child nodes by maximum state-action value Q(s, a), UCT encourages exploration

with concern to the number of visitations:
s
2Inn(s)

nsa)’ (3.25)

Puct(s) = argmaxQ(s, &) + ¢
&

where n(s) is the number of visitation of node s, and n(s, &) is the number of times that
child node (s, ) is selected. Equation 3.25 reduces the chance of a child node with good
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value being selected too often while keeping the probability of being selected for nodes that
are less explored.

The recent advances in RL have achieved remarkable improvements by incorporating
MCTS. Silver, Sutton, etal. (2008) introduce the Dyna-2 framework, which selects actions for
TD learning by MCTS with the minimum of initial knowledge of the model. For every state
s, MCTS is implemented given the current transition model, and the value function Q(s, a)
is updated toward the TD error derived from the action aselected by MCTS. The transition
model is then updated according to the observed subsequent state s°such that planning and
learning happen concurrently. Instead of updating the value function, the AlphaGo Zero al-
gorithm proposed in (Silver, Schrittwieser, et al., 2017) shows that it is of great effectiveness
to just maximize the similarity between policy and MCTS search results in a way analogous
to supervised learning. Similar to its predecessor AlphaGo in (Silver, Huang, et al., 2016),
the AlphaGo Zero improves the ef ciency of MCTS with regard to breadth and depth by the
policy and value networks. The policy network indicates the prior for the reduction of child
nodes for selection, and the value function predicts the expected return such that it truncates
the depth of the simulation. AlphaGo has had great success in translating human knowl-
edge into a policy network that can be used for MCTS, and AlphaGo Zero directly takes
the output of MCTS for training, which results in a much simpler and better performance.
AlphaZero, as proposed in (Silver, Hubert, et al., 2017), further generalizes the algorithm of
AlphaGo Zero for some other board games.

3.4.5 Imitation Learning

The goal of imitation learning is to train a policy that tries to mimic the behavior of demon-
strators/experts given the distribution of states in the testing environment. The simplest
approach is reducing the imitation learning to a supervised learning problem (i.e., behav-
ior cloning) that minimizes the difference between model predictions and an expert's action
along the trajectories generated by the expert. This is impractical because it fails to general-
ize to the states that are not presented in the training set, and the policy is unable to recover
from making a mistake. Ross and Bagnell (2010) argued that, in the worst case, the per-
formance of naive behavior cloning degrades superlinearly with respect to the horizon of
the trajectory. The forward training algorithmproposed in (Ross and Bagnell, 2010) manages
to reduce the growth of the performance loss to linear complexity. It maintains individual
policies exclusively for every time step on a trajectory. For every time step, the algorithm
gueries for the action made by the expert and updates its learning policy, which minimizes
the difference between actions. Therefore, the dataset actually includes the corrections made
by the expert for states encountered by the training policies. However, it still fails to be ap-
plicable for problems with longer horizons.

As a more robust approach, the algorithm dataset aggregation (DAggegpyoposed in (Ross,
Gordon, et al., 2011) demonstrates that a better performance guarantee can be achieved in
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a stationary policy. Unlike the forward training algorithm, DAgger only maintains a sin-

gle deterministic policy that trains on a dataset that is iteratively aggregated by experiences
generated by the policy mixed with the learning and expert policy. Therefore, the dataset
contains states induced by the learning policy with the feedback by the expert and states
resulting from the expert policy. Alternatively, as a variant of DQN, deep Q-learning from
demonstration (DQFD)proposed by Hester et al. (2017) shows the effectiveness of directly
adding a supervised loss to the objective function of DQN. In addition to the agent expe-
rience buffer, experiences of the expert are stored in a separated expert buffer and remain
unchanged. For each batch update, experiences from the agent and the expert are sampled
simultaneously. The agent is asked to give actions on states sampled from the expert buffer
and this results in a supervised loss with respect to the expert's action. Adding such a term
leads to a faster learning procedure as well as higher average accumulated rewards for some
control problems.

3.5 Transfer Learning

In reality, different problems might require similar skills for making decisions, and it is a big
waste that the agent has to learn every similar problem from scratch. Therefore, the motiva-
tion of transfer learning (TL) is to transfer the knowledge of a source task to a related target
task for a better training process. Taylor and Stone (2009) argued that the evaluation met-
rics of a TL method consist of jump-start rewards, asymptotic rewards, total accumulated
rewards, and the transfer ratio (i.e., the ratio of total accumulated rewards gained by using
TL and not using TL).

One of the common classes of TL is transferring between tasks sharing the same state and
action variables. In that sense, the allowed differences between tasks can be initial/terminal
states, reward functions, and the transition model of the MDP. Selfridge et al. (1985) dis-
covered that knowledge can be transferred to an MDP with slightly different transition dy-
namics. They found that the agent balances a heavy pole faster if it starts off learning on a
lighter pole and then switches to a heavier one once the easier problem is solved. Similarly,
Asada et al. (1994) demonstrated that the knowledge of reaching the goal state from an easy
initial state can be transferred to solving a problem that starts from a much harder initial
state, which is also called starting-point method in (Torrey and Shavlik, 2009). Moreover,
Atkeson and Santamaria (1997) transferred the source task to a target task by only changing
the reward function, which resulted in a signi cant improvement on jump-start and asymp-
totic rewards. With regard to batch RL methods, Lazaric (2008) showed that it is useful to
manually add the experiences from source tasks that are relevant to solving target tasks to
the replay batch for updating the target-task policy. In that sense, useful experiences are
available earlier than with random exploration.
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3.6 Partial Observability

Suppose the state of an existing MDP satis es the Markov property such that:

Plste1jst] = Plst+ajst, - st (3.26)

In practice, the true states are not always available due to perception devices; therefore the
agent only receives an observation o; determined by a function of the current state Z2, =
Plojs,a suchthato,  Z&,. Then, the next state s+ 1 is no longer fully dependent on the
agent's current observation such that the agent might be unable to provide optimal actions
based on this partial observability:

Plo+1jo] & Plo4joy, ..ax]. (3.27)

Formally, this is known as a POMDP formulated by the tuple < S A,0,P,R,Z,g >, where
S,A,P,R,g is the same as in an MDP, O is a set of observations, and Z is an observation
function.

Since the agent does not have access to the true states; of the environment, in the
POMDP setting, the agent uses a belief stateb(s;jH;) as a probabilistic estimation of the cur-
rent state S given the history Hi, that is, all the observation-action pairs h; = a;,01,..& 1,0 1
from the past. Note that the MDP can be seen as a special case of POMDP, assuming that the
observation is identical to the state and that the observation function always returns true
states to the agent. The optimal value function of a POMDP is then obtained by a policy
p (h¢, @) that maximizes the expected return onwards given the history hy:

A common choice is to facilitate the internal memory state of recurrent neural networkRNN)
(Hochreiter and Schmidhuber, 1997) to maintain the belief state for the estimation of the true
state.
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Chapter 4

Basic 1D

4.1 Basic 1D Environment

Basic 1D produces the simplest abstraction of a set-down operation. In this environment, the
load and the barge were initially separated by 7 meters. The load (block) and the barge are
represented by two points only with relative heave motions in the time domain (see Figure
4.1), and their mass and stiffness are completed ignored and set to 1 (refer to equation 2.16).
In addition, we assume the heave response of the barge is 1 to all frequencies such that the
barge position is always identical to the wave amplitude generated by a speci c sea state,
and the load is not affected by waves.

FIGURE 4.2: Episode ends when
distance of block and barge is
negative. Key is to reduce contact
FIGURE 4.1: Basic 1D set-down environment. angle a before they collide.

In every time step, the environment calculates a relative distance D, between the load
and the barge by subtracting the adjusted length of the hoist wire and the barge position
from the initial distance. Then, the agent is allowed to select a payout speed to change the
hoist wire length for the next time step. Note that the ramp-up time is not considered in
this environment, so the hoist wire length is adjusted immediately according to the agent's
action. This procedure repeats until the relative distance is reduced to be negative (See
Figure 4.2), in which case we assume a set-down episode terminates.
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The goal is to ensure that the change of the relative distance D, (thus the velocity) is
small in the time step where D, is changed from positive to negative. In other words, the
agent needs to reduce the angle between the blue and orange curves before they collide (see
Figure 4.2). If the barge is static, it is extremely easy to achieve by always lowering the load
at the smallest payout speed. However, it becomes much more tricky when the barge is
moving.

FIGURE 4.3: Examples of good set-down episodes.

Figure 4.3 displays a few examples of possible good set-down attempts with regard to
the basic 1D environment. It indicates that a good set-down is quite dependent on the shape
of the barge motion and the way the agent to prepare itself to be involved in a position that
potentially leads to a good set-down.

The settings of the environment are summarized in Table 4.1. Note that the wave of
every episode is randomly generated from the JONSWAP spectra created by the same sea
state. Therefore, the wave elevation differs between episodes but not the statistical property.
Note that, in basic 1D, we assumed the action space was discrete, in order to meet the range
of the actual pay-out speed of the auxiliary block (-5/30 to 5/30 m/s), the numerator of the
speed can only be an integer between -5 and 5, and the denominator is always 30.

In this environment, the goal is to reduce the impact velocity v;. Based on the limit ac-
cording to HMC experience, we designed the reward function in terms of v; in equation 4.1.
We consider any episode with v; > 0.3 unacceptable, and such episodes receive a penalty.



32 Chapter 4. Basic 1D

Setting Value
Initial D, 7m
Time step 0.2s
Episode length 300s

Hoist speed range  from -5/30 to 5/30 m/s

Size of action space 11

Input space 11 (2s future motion+current D;) or 151 (30s history+current D)
Sea state Hs:1.5m, Tp: 15s

TABLE 4.1: Environment settings of basic 1D.

Setting Value

Learning rate 0.0001

Gamma 0.99

Exploration e 0.5-0.1

edecay to 0.1 in 50000 steps
Batch size 32

Target update frequency 10000

Replay buffer 50000

Update frequency 1

Num hidden layers/units  1/100

Activation Sigmoid

Optimizer Stochastic Gradient Descent (SGD)

TABLE 4.2: Hyperparameters for training end-to-end.

The v; was simply derived from the sum of the last positive D, and the absolute of the rst
negative Dy, and then we divided the sum by time step 0.2, which is equivalent to the angle
between the blue and orange curves in Figure 4.2.
8
3 max(200,39), if0 < v; < 0.3,
r= 30, ifvi > 0.3, (4.1)
0.01, else,

where v; impact velocity.

4.2 Training for End-to-End

The goal of the rst experiment was to learn to set down directly from 7m. Considering the
hoist speed and time step, it actually requires a long sequence of actions in order to achieve
the nal reward. In that sense, the real useful reward is very much delayed, and the reward
assignment is very sparse. Hence, we hamed itend-to-end set-dowrWe prepared two distinct
state variable inputs (see Figure 4.1). Both contained the current relative distance D,,, but
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with one knowing the barge heave history for the most recent 30s (2 wave periods) and for
the other one, the agent was fed by the true barge motion of 2 seconds in the future (1/7 of
single wave period). For both inputs, the time step is 0.2s. Note that, since we pre-generated
the wave elevation array for every episode, the "true" wave prediction could be obtained by
simply extracting subsequent elements in the wave time trace from the current time step.

We used vanilla double Q-learning with experience replay and target network, as pro-
posed in (van Hasselt, Guez, et al., 2016), with the hyperparameter provided in Table 4.2 for
training. The pseudocode of double g-learning can be found in Appendix A.1. We tested
two agents on 500 random episodes with no exploration. In addition, for benchmarks, we
also created a "monkey" that always selects the maximum payout speed regardless of states
for the benchmark.

The results are presented in Figure 4.4. The gure shows the probability density of im-
pact velocity over 500 testing episodes. Apparently, both agents managed to obtain a better
policy than just constantly fully speeding down. The peak of the histogram is shifted to the
left of 0.3, indicating that the majority of the testing episodes are quite acceptable.

4.3 Results
FIGURE 4.4: Results of end-to-end training of FIGURE 4.5: Accumulated reward and state-action
three agents. value during for training agent knowing “future”.

However, it is notable that the state did not have an impact on the results because both
agents performed equally well on the 500 testing cases. So the agent is not doing anything
useful with the state. Furthermore, the reward and mean state-action value curves in Figure
4.5 indicate that the agent converged to a policy at early stage of the training. Since the trick
was to reduce relative velocity between objects, using a low payout speed already guaran-
teed the reduction as long as the barge was slow. Therefore, we made another comparison
between the agent and another "monkey" with a constant payout at a low speed (see Figure
4.6). It turns out that the agent's policy was very similar to the new monkey. This implies
that the learned policy is probably as simple as just getting closer to the barge as slowly
as possible and then performing some random actions regardless of the information in the
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input. Most likely, the action is dominated only by the relative distance provided in the in-
put. The agent failed to utilize the "future" we provided or predict the "future" based on the
history.

The algorithm probably suffered from the sparse rewards that led to the early conver-
gence to a local optimal policy. The agent only received a reward for the last action before
the terminal, whereas all immediate steps were not actively rewarded. Since we basically
used Q-learning with experience replay, it failed to maintain the sample ef ciency when
most of the experiences in the buffer were not rewarded.

4.4 Learning Sub-Tasks

Considering a regular set-down procedure, it can be divided into three different sub-tasks
(see Figure 4.7). First, when the load is far away from the barge, the crane operator usu-
ally implements constant payout regardless of barge motion ( full speed dowh Second, as
soon as they are getting closer, the crane operator becomes more patient and starts search-
ing for a proper moment for set-down while keeping the load close to the barge ( following).
Finally, he recognizes the possibility and completes the set-down. Therefore, the set-down
skills are mostly required only when the load and the barge are very close. Therefore, we

FIGURE 4.6: Comparing to a slower "monkey". FIGURE 4.7: End-to-end set-down decomposition.

further simpli ed the end-to-end set-down by using a closer starting position. A shorter
initial distance allows the agent to take signi cantly fewer steps to nish an episode and get
rewarded sooner. The chance of having experiences with effective rewards being sampled is
thus higher. Following the same hyperparameters provided in Table 4.2, the results of learn-
ing an "easier" set-down are presented in Figures 4.8, 4.9, and 4.10. This con rms that in this
simpli ed setting, we achieved a more ef cient learning progress than with an end-to-end
set-down. Figure 4.10 shows a robust improvement on the accumulated rewards along the
episode. The policy of the new agent outperforms the end-to-end agent at the very begin-
ning of the training. Furthermore, the data in Figure 4.8 indicate a clear distinction between
different input state variables. Given the same initial distance of 1m, the agent knowing
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FIGURE 4.8: Histogram of impact velocity of 1m FIGURE 4.9: Effect of various prediction lengths
initial distance. provided to agent.

FIGURE 4.10: Reward curves of training from different initial positions.

about the history still struggled to deal with state inputs. However, the agent fed the pre-
diction started to harness this information to make better decisions. The examples given in
Figure 4.3 are attempts made by this agent with quite reasonable decisions. Counterintu-
itively, a longer prediction did not seem to improve results much more in this experiment
(see Figure 4.9). Given different lengths of prediction, agents performed almost equally.

We further obtained an agent with substantial improvements (see Table 4.3) by feeding
extra information about a upper "boundary”, which is the offset of barge motion by 2m. The
boundary speci es a range that encourages the agent to stay in (see Figure 4.11).

State variables Mean impact velocity(m/s)
2s prediction + 2m boundary  0.0732 0.0521

2s prediction 0.126 0.0786

5s prediction 0.119 0.0649

30s history 0.265 0.134

TABLE 4.3: Set-down from 1m using different input state variables.
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In addition, we trained the agent to stay within a "safe-zone" that followed the barge
motion without hitting it. As shown in Figure 4.11, the maximum allowed margin (between
the blue and green curves) was determined by a vertical limit to the barge position by 1m.
The reward was given for every time step where the agent did not hit the barge or the limit.
The "following" sub-task actually helped the agent always to retain a good starting position
before utilizing the aforementioned "set-down" sub-task, which resembles the second stage
in Figure 4.7. In general, it is easy to learn because the reward is assigned to every action
and is less dependent on actions from history.

FIGURE 4.11: "Following" sub-task, agent (blue)

collides with the limit (green), episode ends. FIGURE 4.12: Visualization of "following" policy.
o 1
Mbarge = mln(lo,ﬁ), (4.2)
r
r = min (10 2z ) (4.3)
iddle = ' -), )
e IDr Diimit)
where:
D, = relative distance between the load and the barge
Diimit = distance to the middle of the "safe-zone"

The goal is to stay inside the "safe-zone" for as many time steps as possible. We pro-
posed two reward functions with different focuses. The rst idea was to reward the agent
by the relative distance D, between the load and the barge (see equation 4.2), and the other
was to reward based on the distance to the middle of the "safe-zone" jD;  Djmitj SO as to
balance the distances to the boundaries (see equation 4.3). They both received -100 for hit-
ting boundaries. We tested the agent under different input observations. Full observations
consisted of 2-second "true" predictions on both the barge and the limit. We also tested the
observation that excluded the prediction on the limit.
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Observation Reward function Mean survival time (s)

barge I middle 138.31 42.32
barge Mbarge 168.45 47.83
barge+limit Imiddle 192.74 23.92
barge+limit Mbarge 179.86 44.63

TABLE 4.4: "Following" barge with different settings.

Table 4.4 summarizes the results for the different state and reward con gurations. In
general, knowing about both boundaries is very useful in order to complete the "following"
even if the limit is just a simple offset. The reward on the distance to the "middle" is more
effective than only on the relative distance, which makes sense because the agent can then
prepare better for any signi cant changes. Furthermore, note that the result in the rst row
of Table 4.4 is worse than the those of the others. Sincerpiqqie is fully explained by D, and
Diimit » this implies that a better reward is a function of input variables, and the performance
will be in uenced if the reward function includes information which is inaccessible by the
agent.

It is also interesting to visualize the policy (see Figure 4.12). The x-axis stands for the
distance to the barge, the y-axis indicates to which direction the "safe zone" is deviating
from the center. It is obvious that the agent generally follows the change of the safe zone. It
tries to get away from boundaries as fast as possible when they are about to contact.

45 Back to End-to-End

Our original ambition was to set-down from 7m, and the preceding sections showed that
every sub-task is feasible to learn individually. Finally, there should be a method to leverage
the sub-policies in a more generalized setting. Motivated by the HRL and TL approaches
described in Chapter 3, we considered two distinct methods: TL and using hierarchy.

Firstly, we investigated the feasibility of using the hierarchy following the framework of
h-DQN (Kulkarni et al., 2016). The idea was to decompose a complex task into sub-tasks,
and we trained a meta-controlleto select one of the sub-tasks to solve at different states. Each
sub-task was associated to a particular controllerthat provided the optionfor the sub-task
until it reached its goal state. When a controller was selected, the meta-controllegave it the
complete mastery until it completed the sub-task. Intuitively, the meta-controller learned a
master-policy of all the sub-policies/options. The controller learned a sub-policy over all
primitive actions of a speci ¢ sub-task. In theory, controllers were updated through  intrinsic
rewards which were only valid for the sub-task, and the meta-controller was rewarded by
extrinsic rewards The goal of the meta-controller is to maximize the expected discounted
extrinsic rewards as standard value-based methods.
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Sub-tasks Intrinsic reward Termination condition
Full speed down equation 4.2 1 second

Full speed down equation 4.2 2 seconds

Full speed down equation 4.2 3 seconds
Following equation 4.3 1 second

Following equation 4.3 2 seconds
Following equation 4.3 3 seconds
Set-down equation 4.1 Dr<oO

TABLE 4.5: List of options for controller

Following the idea of hDQN, we de ned the controllers and meta-controllers in Table
4.5 based on our original assumption in Figure 4.7. The original hDQN requires clear dis-
tinctions between sub-tasks in terms of goal states. For the end-to-end set-down, the dis-
tinctions are less straightforward. Instead, we set the goal states of following and full speed
downsub-tasks to have different lengths of duration. Depending on the motion of the barge,
the meta-controller was allowed to select one of seven sub-tasks to perform. We initialized
the controllers for following and set-downsub-tasks by the pre-trained models in section 4.4.
Finally, the extrinsic reward for the meta-controller was the same as the reward function of
the training set-downsub-task.

The learning progress results of hDQN are shown in Figure 4.13, and two gures in the
middle show the height and the moment of selecting the set-downcontroller. After a few
episodes, the meta-controller gured out that it is better to select the set-down option as
the distance is becoming smaller. This makes senses because the policy of the set-down
controller was trained particularly for the short distances, which is more effective if used
from the same initialization point.

FIGURE 4.13: Mean state-action value of selecting options, height that agent decides to use set-down option,
moment of an episode that set-down option is selected, total extrinsic reward

Alternatively, regarding TL, as proposed by Asada et al. (1994), we transferred the old
policy by setting a more dif cult starting position, but we did not change the MDP of the
environment. We initialized the weights of the new agent by the policy of setting down from
1m and started a new training session where the new initial position was set to 7m.

In fact, the idea of learning from easier tasksorked very well (see Figure 4.14). Figure
4.14 illustrates a moving average of the accumulated rewards along episodes. The reward at
the very beginning of TL is already much higher than the maximum reward of the end-to-
end learning agent, which indicates that the old set-down policy generalizes quite well to a
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FIGURE 4.14: Reward curve of transfer set-down FIGURE 4.15: Histogram of impact velocity by TL,
sub-task back to end-to-end. hDQN and end-to-end.

different initialization within a few episodes. In other words, through TL, the agent quickly
learns to proceed to a familiar part of the state space from different parts of the state space
without radically changing the policy distribution.

4.6 Conclusion

In Figure 4.7, it is noticeable that both TL- and HRL-based methods signi cantly outper-
formed end-to-end learning. In terms of asymptotic performance, hDQN performed slightly
better because all sub-policies were already hierarchically optimal before the training. Then,
the algorithm was able to reach the recursive optimality without changing the sub-policies
too much. For TL, instead, the policy was changed in order to t a different initial position,
which might reduce the level of performance. Nevertheless, with respect to the compu-
tational complexity of training, TL is more ef cient because it only maintains one param-
eterization of policy, whereas hDQN requires one for the controllers of each sub-task. The
promising result of TL shows the potential of improving the learning progress for more ded-
icated environments where multiple skills are required. These sub-skills can be trained in
sequence or separately with a more ef cient reward function that only focus on achieving
the goal of sub-skills.
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Chapter 5

Advanced 1D

5.1 Advanced 1D Environment

In the basic 1D environment, simpli cations were implemented to reduce the dif culty for

the agent, which makes basic 1D extremely impractical for use in real situations. In new
environment, substantial changes were made on top of basic 1D (see Table 5.2) such that
it re ected some of the practical concerns. From now on, we will call this environment
advanced 1DIn advanced 1D, the motion was still the heave motion between the vessel and
the load, and the load was instead hanging 3m above the barge.

The rst substantial change was including the ship response amplitude operator (RAO).
We obtained the RAO of the relative motion between the crane tip and the barge and sub-
sequently translated the wave spectrum de ned by sea-state variables into a response spec-
trum. Then, we generated the relative heave motion in the time domain by IFT. By adding
the motion of the SSCV, we could simulate the effect of a second ship in the environment and
the effect of their relative motion between each other. In practice, a good set-down moment
is always located at the transition between two wave groups where the relative motion is
smaller (see Figure 5.1). In advanced 1D, we set Hs to 1.5 and Tp to 8, which were carefully
chosen based on the operability assessment criteria (see section 2.4) at HMC.

FIGURE 5.1: Wave elevation and corresponding heave motion responses. Heave motions can be separated
by the number of wave groups, indicated by blue vertical lines. Relative motions are smaller at those
transitions between wave groups.
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% max speed Ramp-up (s) End speed (m/s)

0% to 50% 3s 2.5/30
50% to 100% 3s 5/30
100%to 50% 3s 2.5/30
50% to 0% 3s 0

TABLE 5.1: Ramp-up time of changing hoist speeds.

In addition, we included the ramp-up time (see Table 5.1). As introduced in section 2.3,
the ramp-up plays a role as the delay in reaching the intent payout/haul-in speed. In basic
1D, we assumed that the hoist moved in the selected speed as soon as the action was taken,
which is unrealistic. Instead, in the crane cabin, the operator controls the hoist speed by
manipulating a joystick. The further the joystick is pushed, the faster the speed the hoist
will reach with a longer ramp-up. In this case, the joystick is similar to a gas / brake pedal.
Pushing forward accelerates and pulling backward decelerates. In practice, before executing
a maneuver with the joystick, the crane operator rst determines a speed by imagining the
outcome of taking that speed with regard to ramp-up and relative motions. In many cases,
common speed choices are 50% and 100% of max speed. In that sense, we limited the action
space of advanced 1D to only three actions: gas brake and hold Based on Table 5.1, thegas
action linearly increases the payout speed by 50% of max speed in 3 seconds, and thebrake
slows down the payout by 50% of max speed in 3 seconds. The gasand the brakeare no

longer be used after reaching maximum speed. The hold only lasts for a single time step
(0.2s).

FIGURE 5.2: Plots A and B are good examples of set-down in basic 1D but unacceptable in advanced 1D
because they cause new spacing between the load and the barge (gray area) again due to barge motions,
which yields larger impact velocities at re-impact (see set-down angle as explained in Figure 4.2). In C and
D, the agent managed to avoid re-impacts: the trick is to nd a position where the load is faster than the
barge motion.
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Most importantly, advanced 1D also included an evaluation of re-impacts. As intro-
duced in section 2.4, slacking for heavy loads takes a long time, the re-impacts provide
additional contacts due to the barge motion after the rst contact, and re-impacts sometimes
could get out of control and damage the load. In addition, re-impacts also cause safety
issues as there are many people on the deck. In 1D environments, in order to avoid re-
impacts, there should not be a positive relative distance after the rst contact. In reality,
what the crane operators normally do is always take maximum payout speed as soon as the
load touches the barge such that the increment of the length of the hoist wire is fast enough
to cover any barge motion within the slacking period. An illustration is presented in Figure
5.2, where the agent needs to reduce the gray area as much as possible. In that sense, many
of the successful episodes in basic 1D are no longer acceptable because they failed to avoid
re-impacts.

However, avoiding re-impacts and resulting smaller impact velocities are somehow con-
tradictory. As shown in Figure 5.2, the safety zone for small impact velocity does not always
guarantee no re-impacts and vice versa. In that sense, the advanced 1D environment is
more challenging than basic 1D because it requires the agent to have a better understanding
of relative motions with a much lower control frequency.

FIGURE 5.3: Input state variables include current speed, relative distance, and true motion prediction for 15s
and 8 "wave heights."

The agent's input state variables are visualized in Figure 5.3. As stated before, identi-
fying transitions between wave groups is a key tool to nd proper set-down moments. We
"spoiled” the agent by feeding "true" future motions. In practice, a wave group normally
lasts for 10 wave periods. We therefore prepared the information about the future motion in
two formats. For the nearest two periods of about 15 seconds, we fed the actual time trace of
the motion, which is similar to basic 1D. The remaining eight periods were represented by
eight corresponding wave heights. Intuitively, for set-down, only the nearest future is rel-
evant, so we supplied the full detail. For recognizing wave group transitions in the future,
wave heights are the most useful information.

It is worth noting that, in practice, haul-in is not used very often in set-down. This is
the case simply because the total ramp-up time from haul-in mode to maximum payout
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Setting Value
Initial Dy 3m
Time step 0.2s

Episode length  300s
Hoist speeds: 0, 4.5/60, 9/60

Actions Gas (speed up by 4.5/60), brake (slow down by 4.5/60), hold
Ramp-up 1.5/60 m/ &

Action duration  3s for gas and brake, 0.2s for hold

Sea state Hs:1.5m, Tp: 8s

Response model RAO between barge and crane tip

TABLE 5.2: Environmental settings of advanced 1D.

will certainly cause re-impacts (e.g.,. see bottom right example in Figure 4.3). Therefore, in
advanced 1D, we excluded haul-in mode, and the agent switched to the maximum payout
mode as soon as the rst contact was made.

Finally, based on the reward function of set-down in basic 1D, we added an additional
penalty on re-impact with proportion to the integral of the relative distance after rst con-
tact (the gray area in Figure 5.2). Since the task becomes harder, we slightly loosened the
threshold on impact velocity by 0.5 m/s. The reward function is de ned by:

8
% max(200, 10/v;), if0 < v; < 0.5,

r= 30, ifvi > 0.5, (5.1)
“10 A, if A, > 0.

where:

A, = area of grey region in Figure 5.2, magnitude of re-impact
Vi impact velocity

5.2 Results

Based on the hyperparameters suggested in Table 5.3, the results were positive in general.
As shown in Figure 5.5 and Table 5.4, the agent obtained a better policy than simply using
full speed down. Over 500 testing attempts, the agent improved the mean impact velocity by
50%. Note that the agent's distribution is right tailed, which probably implies that the agent
prioritizes avoiding re-impacts over large impact velocities because the allowed velocity
was increased to 0.5 m/s.

In Figure 5.6, examples of good trails are displayed with the agent's actions along the
trajectory. Apparently, the agent generally made correct decisions. When the agent saw
there was an opportunity nearby, it took aggressive actions to get closer (see plots B and C
in Figure 5.6). In addition, when the waves were pretty strong, the agent waited many steps
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Setting Value

Learning rate 0.001

Gamma 0.99

Exploration e 0.5-0.1

e decay to 0.1 in 50000 steps
Batch size 32

Target update frequency 10000

Replay buffer 50000

Update frequency 1

Num hidden layers/units  1/200

Activation Sigmoid

Optimizer Stochastic Gradient Descent (SGD)
Algorithm Double Q-Learning

TABLE 5.3: Hyperparameters for training in advanced 1D.

FIGURE 5.5: Histogram of impact velocity of 500
FIGURE 5.4: Learning progress in advanced 1D. testing episodes by agent and "Monkey".

until it saw the chance (see A and D in Figure 5.6). The agent prepared itself to set down
on those transitions of wave groups where the motion amplitude was in general lower than
that of other positions. Unsurprisingly, these are the most probable positions where rewards
on re-impacts and impact velocities do not contradict each other.

5.3 Improving by MCTS

The results in Table 5.4 indicate that the agent still caused a notable number of re-impacts,
which accounted for 8% of the total episodes. Meanwhile, many actions of the examples
shown in the Appendix B are obviously not optimal where the agent should have waited
longer or responded more quickly. For that reason, the current policy seems still far from
satisfactory. For many board games (e.g., Go and Othello), it is almost a common choice to
use simulation-based search methods for policy improvement (Browne et al., 2012). One of
the most fundamental requirements of executing simulations is the presence of a transition
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FIGURE 5.6: Examples of good set-down attempts with small impact velocities and no re-impacts.

Mean impact velocity (m/s) Number of re-impacts

"Monkey" 0.341 0.14 121
Q-Learning agent 0.176 0.085 35

TABLE 5.4: Results for 500 testing episodes in advanced 1D

function of the MDP °= P[sa, s] and a reward function r = E[rs]. Therefore, in advanced
1D, the search methods can be carried out because the barge motion is prede ned and not
affected by the agent's actions such that the transition model and the reward function are
fully determined.

Motivated by the AlphaGoalgorithm (Silver, Huang, et al., 2016), during the testing,
we executed Monte Carlo tree search (MCTS) to improve state-action value estimations.
For the roll-out policy, we used the policy obtained from section 5.2. For the selection and
expansion stage, the child nodes were selected by UCT (see equation 3.25). Instead of using
the extra value function, we simply backpropagated state-action values by the true return
of simulations. Deviating from the standard tree search, we only executed MCTS at the
moments of interest (see in Figure 5.7).
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Setting Value
Max depth 2
UCT exploration constant 1
Reward re-scale [0,1]
Simulations per search 100
Roll-out policy Achieved in 5.2
FIGURE 5.7: MCTS is executed when the policy
suggests changing speed. TABLE 5.5: Settings of MCTS

Num. searches Num. re-impacts Mean imp. vel. (m/s)

0 35 0.176 0.085
10 0 0.129 0.095
20 0 0.123 0.104
30 0 0.118 0.108
>30 0 0.108 0.072

TABLE 5.6: Results on 500 testing episodes executing a different number of MCTS searches per episode.

Speci cally, at every time step, we rst sampled an action from the roll-out policy. Then,
the MCTS was carried out only if the sampled action would suggest to speed up or slow
down. This is mainly because most of the failures are due to incorrect decisions about chang-
ing speeds, and they last for 3 seconds (see the examples in Appendix B), which are more
worthy of re-evaluation than the "waiting" action, which only lasts for 0.2 seconds.

FIGURE 5.8: Given the same barge motion, the agent (left) failed to avoid re-impact, but MCTS (right)
succeeded.

Based on the settings in Table 5.5, we tested the performance of combining MCTS with
respect to the maximum number of searches allowed per episode (see Table 5.6). It turns out
that the policy had already signi cantly improved after only 10 total searches. Meanwhile,
using more searches does not produce much better results. Using 30 or more MCTS only
improved the impact velocity by 0.015, which probably implies that the search implemented
at the beginning guided the agent to an advantageous position where the agent could rely
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Num. searches Num. re-impacts Mean imp. vel. (m/s)

0 35 0.176 0.085
5 16 0.174 0.181
10 9 0.182 0.205
15 5 0.173 0.184

TABLE 5.7: Results on 500 episodes that allow MCTS only when the relative distance is smaller than 1 meter.

on its own actions from that position onwards. An example is shown in Figure 5.8, and the
MCTS's choice is on the right. It is obvious that a lot of gas actions from the agent were
rejected by MCTS. Instead, it encouraged the agent to wait longer for a better position.

Moreover, in order to know how well MCTS can recover from the mistakes made by
the agent's policy, we did another experiment that only executed MCTS when the relative
distance between the load and the barge was small. The load was rstly transported by
the agent's policy until the distance was smaller than 1m then MCTS was used for selecting
actions. The results are presented in Table 5.7. Interestingly, MCTS only avoids re-impacts
with more searches, but it does not improve impact velocity. This is probably because the
agent wrongly entered a strong wave group on its own where it was only possible to avoid
re-impacts. Therefore, it is more effective to plan thoroughly at the beginning instead of
asking for MCTS when the agent is already in a dif cult situation.

5.4 Improving by Imitation Learning

Although using MCTS improves the overall performance, it is impractical to execute MCTS
in real-time applications. We would rather have a model that imitates the decisions made by
MCTS. In that sense, MCTS can be considered as an expert providing good demonstrations
to the learning agent.

Setting Value
Num of samples 123994
Batch size 32
Learning rate le-4
Num of layers 1
Optimizer Adam
Total epoch 1000
Loss Categorical cross-entropy
Dropout 0.2
FIGURE 5.9: Training accuracy curves of different TABLE 5.8: Hyperparameters for

network topologies. behavior cloning.
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Given the expert data, the simplest approach is to learn through behavior cloning, where
a model is trained to map state variables to the expert's action or the action-value function
to end up with classi cation or regression problems. Guo et al. (2014) discovered that such
methods were very effective in some Atari games. They collected expert data by running
of ine MCTS planning and used cross-entropy function for the loss. They found that the
classi cation model achieves higher online testing scores than the regression model. Fol-
lowing this concept, we prepared a dataset that contains 2,000 episodes (123,994 experi-
ences) completed by executing MCTS with the con guration in Table 5.5 and launched the
training session based on Table 5.8. The learning curves presented in Figure 5.9 indicate that
the training converged at nearly 70% accuracy. According to the testing results displayed in
Table 5.10, the behavior cloning is even worse than the policy obtained in section 5.2. As ar-
gued by Ross and Bagnell (2010), naive behavior cloning can easily fail because the network
is only trained under the distribution of the expert's policy. The agent is unable to recover
from the state, which is either induced by a mistake or unseen in the training set.

Therefore, we implemented the dataset aggregatiofDAgger) algorithm. DAgger is sup-
posed to achieve a "no regret” property (Ross, Gordon, et al., 2011) by aggregating data that
contain all previous experiences by the expert and the learner. The pseudocode of DAgger
is presented in Appendix A.2. We started with an initial dataset that was used for train-
ing behavior cloning and initialized the learner by the model of behavior cloning (iteration
0). We then ran another 2,000 episodes using the learner and query MCTS for every time
step. We augmented the dataset by the MCTS action (expert) whenever it differed from the
learner's action. The action was decided by stochastic sampling with a 50% chance for both
the learner and the expert. Hence, we maintained a dataset that contains the trajectories of
the expert as well as mistakes by the learner with corrections provided by the expert. The
learner was then updated through supervised learning on the aggregated dataset using the
same hyperparameters as those in Table 5.8 (iteration 1).

Model New entries
Before training 123994
Iteration O (Behavior cloning) 11970
Iteration 1 8920
Iteration 2 5570
Iteration 3 5420

TABLE 5.9: Number of new entries being appended
to the dataset by the model. Note that an entry is
added only if expert and model provide different

FIGURE 5.10: Training accuracy curves of iterations. actions.

We completed 3 iterations of this procedure. As depicted in Table 5.9, the model of itera-
tion 3 produced almost as many new entries as iteration 2 to the dataset; that is, the model of
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the new iteration resulted in the same amount of mistakes as in the previous iteration. Thus,
the model did not improve. The learning curves of the DAgger iterations are presented in

Figure 5.10. Most of the learning happened in iteration 0 and iteration 1, and it contributed

mostly to the new entries of the dataset. However, the learning curves do not seem very
promising since they all converged at 70%, which is still similar to the results produced by

behavior cloning.

Apart from supervised learning, we also tested the possibility of directly imitating the
underlying policy of the expert. We simply stored the expert's experience in the agent's
replay buffer and sampled mini-batches to compute the TD error using the same hyperpa-
rameters displayed in Table 5.3.

Surprisingly, the mean state-action value is improved but the reward largely decreased
(see Figure 5.11). Therefore, the agent expected to achieve a higher reward by actually taking
wrong actions. This probably means that the agent is getting closer to the expert's action-
value function, which is only workable in these demonstration episodes. Because the update
of action-value function merely occurs through samples from the expert's experience, it fails
to interact with the current learning environment. Therefore, it probably over-ts to the
distribution of the expert's policy while failing to generalize to the unseen states.

FIGURE 5.12: Accumulated rewards of DQFD and
FIGURE 5.11: Q learning by replaying expert's Double Q-Learning. DQFD slightly outperforms
memory Double Q-Learning in the end.

Eventually, we implemented the DQFD algorithm (the pseudocode is presented in Ap-
pendix A.3), which facilitates the concept of supervised learning in the context of RL. This
was mostly done by introducing a supervised loss term J in the object function (see equa-
tion 5.3). In every replay batch, a xed partition (Sg1, ag1, Se2, @2, -..) Of the expert's dataset
was sampled together with the regular agent's experiences. The expert dataset contains the
state sg and corresponding action ag determined by the expert. For every sampled Sg from
the expert dataset, the supervised loss J was achieved by subtracting the state-action value
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of the agent's choice and the expert's choice:
k= TziX[Q(SE, a+ ml  Q(se a), (5.2)
where mis a constant margin set to 0.8, The overall loss function is given by:

JQ) = bo+ 1 1E+12L2(Q), (5.3)

where Jyg is the standard double Q learning loss (equation 3.16), and it is regularized by
Lo-norm. Therefore, the supervised loss provides additional feedback on actions that are fa-
miliarized by the expert, which enables interactions between the agent and the environment
while querying the expert. We used the dataset aggregated during the last iteration by the
DAgger algorithm as the expert dataset (155,874 entries) and kept the proportion of the ex-
pert data at 20% in every mini-batch. We compared the learning curve of DQFD and vanilla
Double Q-learning (see Figure 5.12). Both algorithms were initialized by the same policy
obtained from section 5.2. The result shows that Double Q-learning did not improve fur-
ther on its initial policy when the reward of DQFD was low at the beginning but eventually
exceeded Double Q-learning.

Method Num. re-impacts Mean imp. vel. (m/s)
Double Q-learning 35 0.176 0.085
MCTS 0 0.108 0.072
Behavior Cloning 40 0.189 0.101
DAgger 30 0.162 0.095
Q-learning with expert's experience replay 168 0.392 0.35

DQFD 40 0.154 0.07

TABLE 5.10: Results of 500 testings of all imitation methods proposed in this section. Note that the Double
Q-learning agent is the policy achieved in section 5.2, and MCTS is best con guration according to Table 5.6

The summary of all imitation methods is presented in Table 5.10. Obviously, none of
the methods provided a substantial improvement on the original policy. The DAgger and
DQFD were slightly better in terms of impact velocity but still failed to signi cantly reduce
the number of re-impacts. Regarding MCTS, the action was chosen by the averaged return
of rollouts, so the action was not necessarily fully dependent on the current state. Therefore,
the action could even differ given the same state variables such that the distribution of the
expert dataset could be inconsistent, which makes it dif cult to imitate.

5.5 Conclusion

In advanced 1d, we extended the basic 1d environment by the realistic relative motion and
the ramp-up time for each of the actions. We also took the magnitude of the re-impact into
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account. The standard Q-learning was not consistent at reducing re-impacts while it was
fundamentally improved by applying the tree-search method. We therefore tried to imitate
the behavior of the search-based method so as to have the policy working for a real-time
case. However, the improvement of the imitation learning was quite unremarkable. It could
be that the input features are still insuf cient to determine the optimal action or that the
reward function of the re-impact is not appropriate.
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Chapter 6

Basic 2D

6.1 Basic 2D Environment

For this section, we extended the environment to two dimensional space. A general visual-
ization of this environment in given in Figure 6.1. In contrast to the 1D environments, the
load and the barge are presented in different shapes. The goal is to set down the load as
close to the left of the bumperas possible while reducing the impact force as much as possi-
ble on the bumper and the barge in both the vertical and horizontal directions. Since objects
are no longer points, the agent has to consider geometries and the dynamics of the load.
Notably, the barge here is not affected by waves, and it keeps standing-still; however, the
hoist is moving with respect to crane vessel's RAO on heave (z-axis) and sway (y-axis). In
addition, ramp-up time is ignored. Therefore, we named the environment basic 2D

FIGURE 6.1: Visualization of basic 2D environment.
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Speci cally, the load was an 8m x 8m square hanging by a crane hoist located 90 meters
above the barge. The origin was located at the intersection of the barge and the hook exten-
sion line (see Figure 6.1). For every episode, the 10m-bumper was placed perpendicularly at
arandom location. We also set a random swing amplitude qrepresenting the angle between
the hoist wire and a vertical line for a different initial loading position (see Figure 6.1). The
action space contains ve actions: payout, haul-in, slew-left, slew-right, and hold. Payout
and haul-in are the same as those in the 1D environment, and slew-left/right moves the
hoist laterally. For the sake of simplicity, we ignored the ramp-up time for every action, and
we assumed all actions were operating at the same speed (see Table 6.3), which resembles
the properties of the auxiliary hoist used in the 1D environment.

We used the pymunklibrary to de ne physical objects in the environment and compute
impact forces between objects. The episodes terminated whenever there was a continuous
impact load exerted on the barge for 5 seconds. Instead of measuring the impact velocity
and subsequent relative motions, we evaluated the set-down by looking at the maximum
impact force during the whole episode, which allowed us to include the in uence of re-
impacts. The time step of simulation was set at 0.2 seconds.

One of the added challenges in this environment is the control of lateral movement. The
set-down can be considered as a pendulum system, where any action causing a change in
the length of the hoist wire or the hoist position will have an impact on the period of the
pendulum. In practice, due to the vessel motion and hoist movement, the swing might
emerge in any moment. Itis crucial to avoid the swing motion for any unexpected contacts,
which requires an explicit skill to control the lateral movement of the load. In that sense, it
is considerably dif cult to directly solve the problem solely with the information provided
about the set-down goal. As a result, the problem might suffer from the same issue as
in basic 1D, (i.e., the sparse reward and long-term objective credit assignment). Based on
the results of TL in basic 1d, we de ned necessary skills for have a good set-down and
transferred the knowledge of easier skills to harder skills.

6.2 Skills Transfer

Inspired by real set-down operations, the set-down in 2D can be divided into several skills
(see Table 6.1). In contrast to basic 1D, skills under this division are implicitly correlated, and

Skill Goal Requirement

Stabilizing "Kill" swing motion NA

Aligning Find and align with bumper No swing motion
Approaching Stay right above bumper Stay aligned with bumper
Set-down Be close to bumper and small impact force  Approaching

TABLE 6.1: 2D set-down sub-skills de nitions.
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FIGURE 6.2: Visualization of skill transferring.

advanced skills can only be learned with the mastery of low-level skills. For instance, the
result of the aligning skill is only acceptable if the swing motion is killed. For the approaching
skill, the load can not move horizontally away from the bumper. Otherwise, a good set-
down distance can not be achieved. A clear visualization is presented in Figure 6.2. In
relation to the value function of a skill, the high-valued parts of the states of an advanced
skill are essentially the subset of the high-valued states of a lower-level skill. The agent
was encouraged to shape the value function of advanced skills starting from the lower level
ones. Unsurprisingly, such logic aligns with the nature of TL.

6.2.1 Training Details

We implemented TL following the order in Table 6.1. The transfer was achieved by changing
the reward function from the source task to the target task while xing the state and action
space (Atkeson and Santamaria, 1997). The details about the state and action space are
described in Tables 6.2 and 6.3. Note that the coordinate system follows the illustration in
Figure 6.1, wherey,, stands for the y coordinate of Pol n, and vy stands for the velocity along
the y-axis. The initialization of every episode is presented in Table 6.4.

Pol State variable Action De nition Speed(m/s)
Hoist Vh Payout Extend hoist wire  0.15 (5/30)
Hook Oho Yho V9, V5° Haul-in Shorten hoist wire  0.15

Load lower right vy, z Slew-left ~ Move hoist left 0.15

Load lower left Yil, Zi Slew-right Move hoistright  0.15
Bumper lower Ybls Zpl Hold 0

Bumper upper Your Zou

TABLE 6.3: Discrete action space of basic 2D.
TABLE 6.2: State space of basic 2D.

In addition to Double Q-learning, we included the state-of-the-art policy gradient algo-
rithm, proximal policy optimization (PPO) (Schulman, Wolski, et al., 2017). This algorithm
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Setting Value

State space 13

Action space 5

Episode length 1,500 time steps
Time step 0.2 second

Initial swing amplitude g 10to 15 degrees
Initial hoist wire length 55t0 65 m

Initial bumper position -10 to +10m away from origin
Sea state Hs:1.5, Tp:8
RAO Crane vessel heave, sway, surge

TABLE 6.4: Environmental settings for basic 2D.

speci es the "trust region" by a clipping constant on the advantage value, which allows
multiple epochs of batch updates in every gradient update (the pseudocode is presented in
Appendix A.5). The advantage value was estimated by the generalized advantage estima-
tor (GAE) (Schulman, Moritz, et al., 2015) based on the TD(l ) return. The main motivation
for using the policy-based method here was the better convergence property. The proposed
sub-skills are quite straightforward and simple, implying that the loss function could be
smooth without a complex local concave. The convergence property of the policy gradient
enables faster updates toward local optima. The hyperparameters of Double Q-learning and
PPO for training sub-skills are provided in Tables 6.5 and 6.6.

Setting value Setting value
Learning rate 0.0001 Learning rate 0.0001
g 0.99 Discount factor g 0.99
Exploration e 0.5-0.1 Clipping factor e 0.2
edecay to 0.1 in 500k steps Trajectory length 1500
Batch size 32 Num mini-batches 32
Target update frequency 100k Num epochs 10
Replay buffer 500k | return 0.95
Update frequency 1 Num hidden layers/units 2/64
Num hidden layers/units 2/64 Activation tanh
Activation sigmoid Optimizer Adam
Optimizer Adam

TABLE 6.6: Hyperparameters for PPO.
TABLE 6.5: Hyperparameters for Double Q-learning.

6.2.2 Stabilizing

The goal of stabilizing is to slow down ("kill") the swing motion induced by any action.
In other words, given a random initial state, the load should be stabilized at the equilib-
rium position of a pendulum with a low horizontal velocity as quickly as possible. We thus
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de ned the reward function based on the goal (see equation 6.2), where g, is the swing am-
plitude de ned in Figure 6.1, and v§‘° is the horizontal velocity of the hook. We encouraged
the agent to kill swing without moving too far away from the origin. We initialized every
episode by a random swing amplitude between 10 to 15 degrees and a random hoist wire
length between 50 and 60 meters. We carefully con gured the general damping of the pen-
dulum system in the basic 2d such that the swing wouldn't stop by itself for at least 1,500
time steps. This prevents the agent to cheat by just waiting for the swing being killed by

itself. The condition for the stabilization is:
johd < landvi°< 1, (6.1)

with the reward function:

r 1, ifjynj > 5, (6.2)

8

21, ifEqné.1,
2

- 0, else.

In fact, the problem is quite simple; The optimal action is fully determined by the relative
position and speed, which are ghg, Yho VQO and yy,. Figure 6.3 displays the reward curves of
PPO and Double Q-learning when only feeding those four state variables. Both algorithms
worked but PPO learned much faster than Double Q-learning and led to a much higher
asymptotic reward. Since the episode length was set at 1,500 time steps, the curve indicates
that PPO was able to stabilize the load within 400 steps.

FIGURE 6.4: Reward curve of PPO and Double
FIGURE 6.3: Reward curve on training stabilizing Q-learning on training stabilizing with full state
with only most useful state variables. variables.

However, when the algorithms were fed by all state variables in Table 6.2 without chang-
ing hyperparameters, they both had dif culties in terms of feature selection (see Figure 6.4).
Nevertheless, PPO eventually managed to solve the problem, whereas Double Q-learning
failed to reproduce the same results as in the previous experiment.
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6.2.3 Aligning

The aligning skill is used to minimize the horizontal distance between the lower right corner
of the load and the bumper while satisfying the condition on stabilization (see equation 6.1).
Note that for every episode, we randomly placed the bumper on the barge between -10 and
10m away from the origin. From that point on, we fed the agent with all state variables
displayed in Table 6.2.

We proposed two types of reward function (see equations 6.4 and 6.5). The step reward
was assigned as soon as the load and the barge were closal, horizontally. The continuous
reward incorporated the distance measurement inversely. The function approximation was
initialized by the weights of the stabilizing skill. Therefore, the agent was already capable
of killing swing. The condition for the alignment is:

dib = Yo Yir,
O0< dp< 2and Egn6.1, (6.3)
with the reward function:
r=1, if EQn 6.3, (6.4)
r= min(l,dzlb), if EQn 6.1. (6.5)

As presented in Figure 6.5, the continuous reward function led to a more robust enhance-

FIGURE 6.5: Learning curve of PPO based on
stabilizing skill with two types of reward function.

Note that the y-axis represents the number of steps FIGURE 6.6: Learning curves of Double Q-learning
of an episode where agents satisfy the same aligning and PPO training from scratch and PPO training
requirements (0 < d, < 2 and no swing). with the initialization of stabilizing skill.

ment of performance, but the step reward seemed to be faster but less stable, and the policy
switched between local optima dramatically. Moreover, the results in Figure 6.6 reveal a sig-
ni cant in uence on transferring the skill when we compare the learning progress of TL and
non-TL approaches. This implies that the agent found the "sweet zone" of the new reward
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function on the state space much faster with a good initialization on the policy. Moreover,
running PPO from scratch required many more episodes to start improving, whereas Dou-
ble Q-learning just failed.

6.2.4 Approaching

Next, we tested the transfer from the aligning to the approaching skill by adding extra crite-
ria on height hy, from the load's lower right corner z, to bumper's lowest point z,, (see equa-
tion 6.6). For every episode, we randomly initialized swing amplitude, hoist wire length,
and bumper position.

hip =z Zzy, (6.6)
r=1, if EQn 6.3 and hy, < 5, (6.7)
r=min(1,1 100" if Eqn 6.3. (6.8)

Similarly, we proposed two reward functions, as we did for training aligning. As shown in
Figure 6.7, the continuous reward function (see equation 6.8) was slightly better because it
assigned the reward more frequently than the step reward (see equation 6.7). The shaping
reward provides information on the level of goodness of an action, which might be useful
during backpropagation.

FIGURE 6.7: Number of steps in which the agent satis es h;, < 5.
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