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Enabling Collaboration With Intention Inference Using Partially Observable
Markov Decision Processes

by Iordan Tchaparov

Efficient collaboration between two humans jointly solving a task is often only
possible if both humans know the other’s intention. They could communicate their
intention verbally or simply observe one another until they have reasoned about the
other’s intention before selecting their own approach to completing the task. This is
relatively easy for humans to do due to their Theory of Mind - their ability to reason
about other’s behaviour to develop a suitable response. Imbuing a robot with the
same ability to enable collaboration with a human on those same tasks is complex
as the robot lacks a Theory of Mind and so this system needs to be developed to
allow the robot to infer a human’s intention.

In this dissertation, a reasoning mechanism akin to Theory of Mind for a robot to
reason about intentions is developed called an Action Trajectory Encapsulated Par-
tially Observable Markov Decision Process (ATE-POMDP). This is modelled from
the action trajectories of the human, whereby the agent aims to infer the current
intention of the human based on observing their actions. Once their intention is
found, the robot selects a task to complete itself, thereby collaborating with the
human by completing some appropriate sub-components of the task.

The ATE-POMDP is tested in simulation with simulated humans against other col-
laborative teams in gridworld environments to establish the effectiveness of this
approach to intention inference. The results show that the ATE-POMDPs provide
performance comparable to the other teams when there is a small collision time cost
but are the best option for intention inference when collision time costs are large.
This makes using ATE-POMDPs suitable to enable collaboration through intention
inference.
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Chapter 1

Introduction

1.1 Motivation

The premise of the phrase “two heads are better than one” argues that having two
(or more) people working on a problem is better than one person. The word better
is subjective with respect to the problem, usually taking the form of developing a
higher quality solution using less time. This is the main purpose of collaboration
- breaking down a large problem into smaller components, each solved by one or
more participants, together completing the whole problem.

Consider a breakfast scenario whereby a single human wants to make fried eggs
with a cup of coffee. The human can decide on the order, either making the eggs or
coffee first. The tasks themselves can be completed in a variety of different ways,
with some possible variations of coffee making including boiling water in a kettle
or using a pot, using one, two or three spoons of coffee, adding sugar or milk, using
a small or big mug, stirring with a spoon or even a fork. All of these depend on the
human’s own preference for making coffee.

Introducing a second human into the same environment would allow tasks to be
completed by dividing the work - one human could make the eggs while the other
makes the coffee in the breakfast scenario. The characteristic that allows humans
to understand one another is called the Theory of Mind (ToM) - the ability to
reason about others’ mental states to be able to formulate suitable responses [Byom
and Mutlu (2013)]. A human’s mental state encapsulates their current thoughts,
behaviours and goals - knowing another human’s mental state allows the use of
appropriate responding behaviour in the form of verbal communication or physical
actions. The absence of a functioning ToM leads to difficulty in understanding and
interacting with both the world and people who live in it [Baron-Cohen et al. (1985)].

The division of work is achieved through collaboration between humans, enabled
through ToM. By understanding the intentions and behaviour of others, a human
can select their own actions (and therefore behaviour) that would aid the collabora-
tion effort. In general, there are three different categories of collaboration: shared
common plan collaboration, on-the-fly collaboration and isolated collaboration.

Shared common plan collaboration involves participants coming together and
creating an explicit common plan prior to starting [Bauer et al. (2008)]. Participants
share their intentions amongst one another, creating an explicit common plan that
contains the steps for completing different tasks in a scenario as well as assigning
participants to tasks. Following this plan usually results in the most efficient
completion of the scenario at the cost of taking extra time to develop the plan by
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assessing available skills and preparing resources as these impact the quality of
collaboration.

On-the-fly collaboration is geared towards scenarios whereby completion speed is
vital and there exists no preparatory time. Participants select and complete tasks
one by one, communicating their intention using a variety of techniques including
speech, gesture, gaze and non-verbal cues [Green et al. (2008)]. This information
in conjunction with the humans’ own ToM establishes an implicit common plan
among participants. Participants only have partial knowledge of the implicit plan,
knowing their own intentions with complete certainty but only being able to assume
their team members’ intentions unless actively communicated to them.

Lastly, there is isolated collaboration - a naive method whereby participants
complete tasks in the scenario without establishing any common plan, explicit or
implicit. Participants do not attempt to gain information as to the task intention of
other participants so that they can use this information to guide their behaviours,
instead opting to work in isolation in the hopes that the overall problem will be
completed faster. Without a plan, the same task can be completed by multiple
participants or participants can even start completing in-progress tasks, hindering
their future progress. This causes the effects of the collaboration to be minimal or
even worse than one participant completing the overall problem themselves.

Continuing with the breakfast scenario - two parents plan to make breakfast for
their children tomorrow - agreeing on an egg omelette, which they research how
to make. This is an example of a shared common plan. Tomorrow comes and the
parents have overslept! Mom wakes up first and upon seeing the time immediately
begins to make fried eggs - no time for sophisticated omelettes or waking up Dad.
Dad, upon smelling fried oil, wakes up and joins in by making the coffee. This is an
example of on-the-fly collaboration. Once breakfast is made, they call their children
- only to find them eating toast in the lounge as they didn’t know their parents
would make breakfast that day. This is an example of isolated collaboration - the
children aided the breakfast scenario collaboration unknowingly.

Robots are machines that can complete complex tasks, do not tire and can be cheaper
than hiring humans over a long period of time. Replacing the second human with
a robot requires a number of systems to enable the same level of collaboration as
was possible with the team of two humans. Assuming that the robot had the correct
actuators for movement and manipulation, a system is required that would be able
to reason about the human’s behaviour as well as decide on its own actions, even
if no common plan or communication exists. In the breakfast scenario, the human
moving towards and using the kettle can be used to conclude that the human’s
intention is to make coffee and so the robot can then make fried eggs in parallel.

The breakfast scenario only comprised of two tasks - making coffee and eggs - while
in reality there are many tasks in everyday life and humans have preferences for the
completion order of tasks and the components of some tasks also have a required
order (such as boiling the kettle before pouring the water). Explicit communication
can be difficult to achieve as both parties have to agree on a common communica-
tion medium, and there could be a need for time to learn how to use it, especially
in the case of a human. To alleviate the use of explicit communication, the robot
could observe the human’s actions to infer their intention. This remains a difficult
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problem as many tasks share similarities that make it difficult to distinguish them
from one another when only observing actions.

Human-robot collaboration (HRC) is a field that aims to develop robotic systems
that can be used for collaboration with humans in the real world. There has been
work in using robots in a variety of collaborative settings such as nursing homes
[Pineau et al. (2003)], rescue missions [Gilbert and Beebe (2010)], industry [Gleeson
et al. (2013)] and outer-space [Bluethmann et al. (2003)]. In each of these works, the
robots are highly specialised for a particular application and limited in their ability
to be generalised.

The goal of this dissertation is to focus on the collaboration category of on-the-fly
collaboration without explicit communication, instead observing the human’s ac-
tions to infer their intention towards a task and thereby using this information to
enable collaboration. In the case of the breakfast scenario, the robot should be able
to determine the human’s intention for either the coffee making task or the fried eggs
making task so that they can do the other in parallel thereby reducing not only the
amount of work of the human, but the overall time of the breakfast scenario.

1.2 Problem Statement

Consider a human that has been the only actor in their environment for some length
of time and they have developed their own behaviours used to complete tasks with
a behaviour being defined as a sequence of consecutive actions. A robot assistant
is introduced to aid the human in the completion of their tasks with a focus on
preventing an additional burden on the human by requiring the human to learn a
new communication medium, adapting their preferred behaviours or adapting their
preferred task completion order. The robot must thus infer the human’s intentions
to be able to collaborate by observing the human.

Creating a system with the ability to reason about the behaviour of a human will
function as an artificial ToM. This means it will aim to understand the intention of
the human (their mental state). The mental state of the human is represented by
their performed actions and these can be used as evidence to find their intention
towards a specific task in their environment. The aim lies in creating a system that
can infer the human’s intention based on their actions. The problem statements are:

“(1) Can the intention of a human be inferred using a Partially Observable Markov
Decision Process?”

and

“(2) If the intention of the human is found, how can collaboration then be enabled with that
human?”

Inference is the process of combining prior knowledge as well as evidence to
draw a conclusion about something - in this case the human’s intention towards
completing a task. Prior knowledge indicates that there needs to be enough useful
information from previous experiences that is relevant to understanding the current
evidence and while humans can efficiently use prior experiences to understand
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new information, robots cannot do this easily. It requires associating actions with
tasks and since actions are not unique to tasks, many tasks share the exact same
actions. The more actions observed over time that belong to a specific task, the more
accurate the inference.

Once the intention has been inferred, it can be used to influence the robot’s be-
haviour around the human’s current behaviour. In the case of an environment
containing only two tasks, the robot can simply do the other task that the human
appears to not currently be completing. However as the number of tasks grows,
there are more intentions to infer by the robot and these affect both the accuracy
and speed of the inference as well as the efficiency of the collaboration as now there
exists more choices for the robot with regards to tasks to select and complete.

Reinforcement learning (RL) is a framework that uses the principle of reward based
learning by having an agent perform actions under specific conditions that result in
positive or negative rewards that are used to influence the agent’s behaviour. Using
this framework will allow an agent to learn based on the human’s own behaviour.
However, intentions are not directly observable in reality - only the human can
know their own intention with complete certainty. This means that the standard RL
technique of modelling problems as Markov Decision Processes (MDP) should not
be used as these assume that the agent can observe everything including intentions.
An extension to MDPs, Partially Observable Markov Decision Processes (POMDPs)
are better suited to reflect these real world conditions as they do not allow direct
access to the intention information, instead requiring the agent to hold a belief about
the human’s current intention that changes based on the observations received.
Therefore information must be gathered by the robot to update its belief about the
underlying human intention, and subsequently its own actions.

The contribution of this dissertation lies in creating POMDPs based on the behaviour
of simulated humans for the purpose of intention inference solely using their ac-
tions. Additionally, a method is devised to deal with large POMDP models as they
can quickly scale to intractability by splitting them into separate models that can be
solved. The robot needs to minimise disruption of the human so that there is less
of a burden on the human as they do not need to adapt their behaviours to accom-
modate the robot. The use of POMDPs as reasoning mechanisms is then tested in
simulation with a simulated human against multiple other teams and varying robots
to establish the effectiveness of using POMDPs for intention inference and whether
this inference can be used to enable collaboration.

1.3 Outline

The structure of the dissertation is as follows: Chapter 2 presents the background
theory of reinforcement learning, covering Markov Decision Processes, Partially
Observable Markov Decision Processes and the solutions to both. Chapter 3
examines the methodology including assumptions and design decisions used in the
development of POMDPs to infer intentions. Chapter 4 presents the experiments,
their evaluations and discussions around the results. Chapter 5 reviews human-
robot collaboration literature relevant to this research. Chapter 6 concludes the
dissertation by summarising it and providing future recommendations.
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Chapter 2

Background

This chapter presents and explains the theory of reinforcement learning by giving a
general overview to the field in section 2.1 before going into the details of formalis-
ing problems as Markov Decision Processes (MDPs) in section 2.2. Thereafter the
theory of value functions and the Q-learning algorithm are examined in subsections
2.2.1 and 2.2.2 respectively, to illustrate the manner in which MDPs can be solved.
Section 2.3 describes the theory of Partially Observable Markov Decision Processes
(POMDPs), an extension to MDPs. Thereafter subsection 2.3.1 details the belief
update of POMDPs while subsection 2.3.2 details POMDP value functions, both of
which are used to solve POMDPs. Subsection 2.3.3 details the incremental pruning
algorithm that finds a vector representation of the value function for a POMDP.

2.1 Reinforcement Learning

Reinforcement learning is the field of machine learning concerned with learning
through interaction [Sutton and Barto (2018)]. The basic setting of reinforcement
learning problems consists of an environment and agent, whereby the agent
has a goal to achieve. This goal is represented through rewards that the agent
receives during its interaction with the environment and these influence the agent’s
behaviour and decision making. The agent has no direct understanding of the
goal, instead only aiming to maximise the cumulative reward it receives during its
interaction duration. Generally, executing actions that maximise the cumulative
reward results in the agent achieving its goal.

Solely maximising immediate rewards during the agent’s interaction does not
always achieve the goal in complex environments. The agent must leverage exploita-
tion and exploration in order to effectively achieve its goal [Kaelbling et al. (1996)].
The agent could exploit immediate rewarding actions repeatedly or explore new
actions that could eventually lead to greater future rewards. These would never
have been found if it solely exploited its actions and therefore creates a trade-off
of foregoing immediate rewards for future rewards. A combination of these two
approaches would result in the optimal behaviour of the agent towards achieving
the goal, although sub-optimal behaviours that also achieve the goal could be found.

Reinforcement learning problems are formalised as Markov Decision Processes
(MDPs). MDPs are models that encapsulate the different aspects of a discrete se-
quential decision process that is controlled by a decision maker with the ability to
interact directly with the process [Puterman (1990)].
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2.2 Markov Decision Processes

A Markov Decision Process consists of a five element tuple of the form:

MDP = 〈S, A, T, R, γ〉

Where:

• S - set of states
A collection of all possible states s of the environment. The current state is
represented by s while the future successor state (also known as state prime) is
represented by s’.

• A - set of actions
A collection of all the possible actions a available to the agent.

• T - Transition function with the form T(s’|a,s)
A probability function detailing the environment’s state transitions. It fully
describes the environment’s dynamics by giving the probability that taking
action a in state s will result in state s’.

• R - Reward function with the form R(s,a,s’)
A function detailing the reward given based on taking action a in state s and
transitioning to state s’.

• γ - Discount factor
A factor used to limit the reward by decaying it over the duration of the agent’s
interaction with the environment. It takes a value between 0 < γ ≤ 1. Values
closer to 0 indicate that rewards lose value over time so they should be pri-
oritised early as opposed to later in the agent’s decision making while values
closer to 1 indicate that rewards retain their value over a longer duration.

Figure 2.1 illustrates the relationship of the elements in MDPs. An agent selects an
action a that changes the environment’s state from s to s’. This results in reward
r and state s (the environment’s new state s’) being returned to the agent. The
agent uses this information to select its next action and this relationship repeats
until either a terminal (ending) state is encountered or a number of fixed steps
have passed (duration ends). The duration of the agent’s interaction with the
environment is called an episode, consisting of a number of time steps.

Agent

Environment

Action
a

Reward
r

State
s

s s'

FIGURE 2.1: Markov Decision Process Loop
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MDPs are Markovian meaning that future states are independent of the past history
of states if the present state is given [Zhang et al. (2010)]. This allows the agent
to select optimal actions only for the current state without regard to its previous
interactions in the environment. A policy π is a mapping of states to actions such
that π : S×A→ [0,1], thus dictating the behaviour of an agent according to the states
it encounters during an episode. The optimal policy is represented by π∗, resulting
in the maximum cumulative reward an agent can receive during an episode and
is known as the solution to the MDP. Other policies do exist that may or may not
achieve the goal of the agent.

2.2.1 Value Functions for MDPs

The return G of an episode is described as the total discounted cumulative reward R
an agent receives at each time step t:

G =
∞

∑
k=0

γkRt+k+1 (2.1)

An optimal policy π∗ seeks to maximise the expected return G. This policy can be
obtained using the state-value function that relates the worth of being in a specific
state and the action-value function that relates the worth of an action in a specific
state [Kochenderfer (2015)]. The state-value function Vπ(s) estimates the expected
return G given state s at time t and following policy π:

Vπ(s) = Eπ

[
G|st = s

]
(2.2)

= Eπ

[
∞

∑
k=0

γkRt+k+1|st = s

]
(2.3)

The state-value function Vπ(s) can be further expressed as the expectation E of the
immediate reward Rt and the future return Gt+1 while following policy π:

Vπ(s) = Eπ

[
Rt + γGt+1|st = s

]
(2.4)

The expectation E accounts for the stochastic nature of the MDP dynamics given by
its transition function T(s′|a, s) as well as the stochastic nature of the policy π being
followed from state s with π(a|s) giving the probability of action a given state s. The
state-value function must be the summation of each action of the policy π and each
future state given by T(s′|a, s):

Vπ(s) = ∑
a

π(a|s)∑
s′

T(s′|a, s)

[
R(s, a, s′) + γ Eπ

[
Gt+1|st+1 = s′

]]
(2.5)

= ∑
a

π(a|s)∑
s′

T(s′|a, s)

[
R(s, a, s′) + γVπ(s′)

]
(2.6)

Equation (2.6) is known as the recursive Bellman equation for the state-value function
and solving this equation would result in a state-value function that could be used
to determine the optimal policy [Bellman (1957)]. It can be seen that the equation
requires the state-value function of the future state, making it recursive such that it
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eventually converges to the optimal value function. Similarly, the action-value func-
tion Qπ(s, a) estimates the expected return given state s and action a at time t and
following policy π thereafter:

Qπ(s, a) = Eπ

[
G|st = s, at = a

]
(2.7)

= Eπ

[
∞

∑
k=0

γkRt+k+1|st = s, at = a

]
(2.8)

= Eπ

[
Rt + γGt+1|st = s, at = a

]
(2.9)

In equation (2.9), the action is fixed as given by at = a and so the expectation does not
need to sum over all actions of the policy π for the current iteration of the equation.
This results in:

Qπ(s, a) = ∑
s′

T(s′|a, s)

[
R(s, a, s′) + γ Eπ

[
Gt+1|st+1 = s′

]]
(2.10)

= ∑
s′

T(s′|a, s)

[
R(s, a, s′) + γVπ(s′)

]
(2.11)

Equation (2.11) is the Bellman equation of the action-value function. Finally the rela-
tionship between the state-value function Vπ(s) and the action-value function Qπ(s, a)
are related by substituting equation (2.11) into equation (2.6):

Vπ(s) = ∑
a

π(a|s)Qπ(s, a) (2.12)

Substituting equation (2.12) into equation (2.11) results in:

Qπ(s, a) = ∑
s′

T(s′|a, s)

[
R(s, a, s′) + γ ∑

a′
π(a′|s′)Qπ(s′, a′)

]
(2.13)

The optimal equations of both the state-value function and the action-value function
can be found using:

V∗(s) = max
π

Vπ(s) (2.14)

Q∗(s, a) = max
π

Qπ(s, a) (2.15)

Finally the optimal policy π∗ can be found by selecting the action a that results in
the largest reward as given by:

π∗(a|s) = arg max
a

Q∗(s, a) (2.16)



2.2. Markov Decision Processes 9

The Bellman equations act as a basis for many Temporal-Difference (TD) learning algo-
rithms. These are algorithms that seek to combine the Bellman equations with expe-
rience directly from interacting within an environment [Sutton (1988)]. This means
that the results of the environment, received reward r and resulting state s’, are used
with the Bellman equations to obtain a policy.

2.2.2 Q - learning

Q-learning is a common model-free TD learning algorithm for solving an MDP
[Watkins and Dayan (1992)]. Model-free means that the policy for a given MDP can
be computed without knowing the transition function T(s’|a,s) or reward function
R(s,a,s’) of the model, instead relying on experience. The steps of Q-learning are
shown in Algorithm 1.

Algorithm 1: Q-learning

1 initialise Q for all combinations of s and a
2 initialise α
3 initialise γ
4 s←− s0
5 while Episode do
6 if Random <= ε then
7 a←− Random a . Select random action
8 else
9 a←−max

a
Q(s, a) . Select most rewarding action

10 end
11 Execute a
12 Observe r and s′

13 Q(s, a)←− (1 - α) · Q(s, a) + α ·
[
r + γ max

a
Q(s, a)

]
. Update rule

14 s←− s′

15 end

The Q-learning algorithm aims to evaluate the quality (hence the Q) of the actions
available to the agent by executing them and experiencing their effects. In lines
6 - 10, the agent selects a random action a with probability ε, otherwise selecting
the action a with the highest Q value in the already computed Q(s,a) function from
the previous iteration. This is known as Epsilon Greedy. The agent then executes
this action a and observes the reward r and the resulting future state s’. Line 13 is
whereby the agent updates the Q value based on these factors using the update rule
given as:

Q(s, a)← (1− α) ·Q(s, a) + α ·
[
r + γ max

a
Q(s, a)

]
(2.17)

Where s, s′, a, r and γ are the state, future state (state prime), action, reward
and discount factor respectively. The learning rate α is a parameter that controls
the speed of convergence to select the actions that result in the largest rewards.
Q-learning is known as an off-policy algorithm as the algorithm will be updated to
converge towards the optimal policy regardless of the underlying initial policy.



10 Chapter 2. Background

2.3 Partially Observable Markov Decision Processes

MDPs make the assumption that the agent can fully observe the current state at any
time step. This means that the agent has full access to the current state information
allowing it to easily plan and interact with the environment. In reality, the sensors
of the agent could be faulty, the environment might not be fully measurable or the
variable cannot be observed directly. This means that the agent cannot completely
perceive the current state leading to uncertainty [Spaan (2012)]. The agent could
now perceive multiple states simultaneously and as its policy is a mapping of a
single state to a single action, it cannot decide on an action. The Partially Observable
Markov Decision Process (POMDP) is an extension to MDPs whereby the agent no
longer has direct access to the current state information so it must instead maintain a
belief about its current state. This belief is updated using information received based
on the agent’s interaction with the environment. A POMDP consists of the tuple:

POMDP = 〈S, A, T, γ, R, Z, O〉

Where:

• S, A, T, γ and R represent the set of states, set of actions, the transition function,
discount factor and the reward function respectively. These all represent the
same information in POMDPs as they do in MDPs.

• Z - set of observations
A collection of all observations z available to the agent in the environment.

• O - Observation function with the form O(z|s’,a)
A probability function that gives the probability of receiving observation z af-
ter having taken action a and transitioned to state s’.

Figure 2.2 illustrates the relationship of the elements of POMDPs. The agent initially
starts with a belief b about its current state s in the form of a probability distribution
over all possible starting states. The agent then selects an action a that changes the
environment from state s to state s’ and receives reward r and observation z. The
observation and action are both used to update the agent’s current belief b to its new
belief b’. This process repeats until either a terminal state is reached or the duration
of the episode ends.

Agent

Environment

Action
a

Reward
r

Observation
z

s s'

b b'

FIGURE 2.2: Partially Observable Markov Decision Process Loop
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2.3.1 Belief Update

The belief space b is a probability distribution over all states with b(s) giving the
probability of the true state being state s. When acting under uncertainty, a history
of previous experiences would aid the agent in its decision making in the future.
Keeping a history however would violate the Markov property and so this is circum-
vented by using a continually updated probability distribution after each action that
summarises the history of the agent. Given action a, observation z and belief b(s),
the new belief b(s’) is constructed using:

b(s′) =
1
pz

O(z|s′, a) ∑
s∈S

T(s′|s, a)b(s) (2.18)

Dividing by the likelihood pz (probability of observation z) normalises the resulting
belief state to ensure that the belief space probabilities sum to 1 [Littman (2009)]. The
likelihood pz is given by:

pz = ∑
s∈S

b(s) ∑
s′∈S

T(s′|s, a)O(z|s′, a) (2.19)

2.3.2 Value Functions for POMDPs

The solution to a POMDP is also called a policy π and it is a mapping of belief dis-
tributions of states to actions such that π : b(S) × A→ [0,1] with the optimal policy
represented by π∗. Like MDPs, policies for POMDPs can also be found through the
use of value functions that have been adjusted to include the belief state instead of
direct state information. The expected reward for taking action a in belief space b is
given by:

ra = ∑
s∈S

b(s) ∑
s′∈S

R(s, a, s′) (2.20)

A horizon is defined as a finite length of time for an agent to act. In a 1-step horizon,
the agent can only take a single action and be subsequently rewarded. The expected
reward in a 1-step horizon is therefore the immediate expected reward it receives
having taken action a in belief space b:

Q1(b, a) = ∑
s∈S

b(s) ∑
s′∈S

R(s, a, s′) (2.21)

In equation (2.21), the expected reward for action a is a linear function of the belief
b. The best action a to choose in belief b is the one that results in the highest value of
Q1(b, a). The value function for the 1-step horizon is thus defined as:

V1(b) = max
a∈A

Q1(b, a) (2.22)

= max
a∈A

[
∑
s∈S

b(s) ∑
s∈S

R(s, a, s′)

]
(2.23)

The function V1(b) is therefore piecewise linear and convex - the maximum values
over a set of linear functions of Q1(b, a) [Kaelbling et al. (1998)]. This value function
for the 1-step horizon can now be used to construct the value function for a 2-step
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horizon - the cumulative reward the agent can expect if it can take two actions. How-
ever, at the end of the 1-step horizon, the agent not only receives a reward given by
R(s,a,s’) and observation z with probability pz, the underlying state has changed to s’
through T(s’|a,s). Additionally, the belief b has to be updated using equation (2.18).
The expected reward for selecting the second action is now the sum of the reward
from the 1-step horizon with the reward from the current selected action:

Q2(b, a) = ra + γ ∑
z∈Z

pzV1(b′) (2.24)

Substituting equation (2.19) and equation (2.20) into equation (2.24) results in:

Q2(b, a) = ∑
s∈S

b(s)

[
∑

s′∈S
R(s, a, s′) + γ ∑

z∈Z

[
∑

s′∈S
T(s′|s, a)O(z|s′, a)

]
V1(b′)

]
(2.25)

Again equation (2.25) is a combination of linear functions and maximising over this
set of linear functions results in the piecewise linear and convex value function given
by:

V2(b) = max
a∈A

Q2(b, a) (2.26)

This process of computing the value function Vt+1 from the value function Vt contin-
ues until eventually converging to the optimal value function V ′. The more states,
actions and observations in a POMDP, the more linear equations will be needed to
be calculated, making the solution method of finding exact value functions only ap-
plicable to small POMDP models.

2.3.3 Incremental Pruning

Incremental pruning is an exact value function solving algorithm that calculates a set
of vectors that together represent the value function of a POMDP, prunes (or filters)
those vectors that are dominated by others before using the remaining set to generate
the next set that represents the value function of the next iteration, repeating this
process until eventually converging to the optimal value function [Zhang and Liu
(1996)]. By pruning the dominated vectors, that is vectors whose effects (and values)
are hidden due to the presence of vectors with larger values over the same belief
space b, the total number of computations decreases. Being piecewise linear and
convex, the optimal value function V∗(b) can be calculated by:

V∗(b) = max
α∈D

b · α (2.27)

Where b is the belief space, D is a finite set of vectors that are used to represent a
value function and α refers to a vector inside this set. The vector α itself acts as
a value function corresponding to a specific action a. The optimal set D’ can be
described by:
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D′ = purge

[ ⋃
a∈A

Da

]
(2.28)

Da = purge

[⊕
z∈Z

Da
z

]
(2.29)

Da
z = purge(τ(α, a, z)|α ∈ D) (2.30)

Where τ(α, a, z)(s) is the |S| - vector given by:

τ(α, a, z)(s) =
1
|Z| r

a(s) + γ

[
∑

s′∈S
T(s′|s, a)O(z|s′, a)

]
α(s′) (2.31)

The purge(·) operator is used to reduce a set of vectors to a unique minimum
form, ∪ represents the union of the sets Da for all actions a in the action space A,
⊕ represents the cross sum of the sets Da

z for all observations z in the observation
space Z (with a cross sum of two vectors given by A⊕B = [a+b|a ∈ A, b ∈ B])
and the \ operator defines set subtraction [Cassandra et al. (2013)]. Calculat-
ing the set Da

z can be done using equation (2.31) that attempts to calculate the
value of τ based on fixed α vector, action a, observation z and state s. Once the
sets Da

z have been calculated, Algorithm 2 can be applied to do incremental pruning.

Algorithm 2: Incremental Pruning

1 Input Da
z1

,..., Da
zk

2 W ←− FILTER(CrossSum(Da
z1

, Da
z2

)) . See Algorithm 3
3 for i←− 3 to k do
4 W ←− FILTER(CrossSum(W, Da

zi
)) . See Algorithm 3

5 end

Algorithm 2 works by firstly doing the cross sum of the first two sets Da
z1

and Da
z2

,
filtering the results and storing them in W (line 2). The process of filtering is used
to remove the vectors that are dominated (also known as pruning). Following this,
the algorithm continues to iterate over the remaining sets from Da

z3
to Da

zk
(line 3),

doing the cross sum of the next set Da
zi

with W before being filtered (line 4). This
repeats until all the sets Da

z have been cross summed and filtered. The resulting set
W is comprised of vector representations w that each are associated with a singular
action a. The policy can therefore be obtained using:

π(a|b) = arg max
a

[
max

w
b ·W

]
(2.32)

The filtering is done by Algorithm 3 to prune vectors in the set that are dominated
by other vectors. The domination check is done by Algorithm 4, a linear program
that solves for the belief state b where taking the dot product (·) with α results in the
largest value from all vectors in A.
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Algorithm 3: FILTER
1 Input set of vectors F
2 Initialise W to Null set . initialise a set to store dominating vectors
3 for each s in S do
4 w←− arg maxφ∈F es · φ
5 W ←−W ∪ {w} . add to the set W
6 F←− F \ {w} . Remove from set F
7 end
8 while F != Null do
9 for φ in F do

10 b←− DOMINATE(φ, W) . See Algorithm 4
11 if b == Null then
12 F←− F \ {φ}
13 else
14 w←− arg maxφ∈F b · φ
15 W ←−W ∪ {w} . add to the set W
16 F←− F \ {w} . Remove from set F
17 end
18 end
19 end
20 return W

In Algorithm 3, the set W is filled with vectors w, regions where they have the largest
values by taking the dot product of vector es and vector φ with φ ∈ F (line 4 - 5).
The vector es has zeros at all positions except at es(s) = 1, acting as a representation
of the final belief b of the agent for a state s. This acts as the starting place for the
algorithm as each belief state b would have an associated vector φ (and therefore
associated action a). The algorithm then iterates while F is not empty meaning that
there are still vectors to be checked for domination (line 8). The vectors φ in F are
then checked for domination based on the computed set W (line 10). If they are,
they are excluded from the set F (line 12) and if they are not, they are added to the
set W (line 14 - 15).

Algorithm 4: DOMINATE
1 Input α, A
2 L←− LP(variables: b, δ; objective:max δ)
3 for each α′ in A \ {α} do
4 ADDCONSTRAINT(L, b · α ≥ δ + b · α′)
5 ADDCONSTRAINT(L, b · 1 = 1)
6 ADDCONSTRAINT(L, b ≥ 0)
7 if L Infeasible then
8 return Null
9 else

10 (b, δ)←− SolveLP(L)
11 if δ then
12 return b
13 else
14 return Null
15 end
16 end
17 end

In Algorithm 4, due to α being a vector and A a set of vectors, there could be a



2.4. Conclusion 15

number of values of the belief b where α is the maximum value. By upholding the
constraints given in lines 4 - 6 when calculating the value of L, a valid belief b can be
found, if one exists. The function LP denotes linear programming and the function
SolveLP denotes the process of solving that linear program. Linear programming is a
method that finds a solution based on the requirements given by linear relationships
[De Farias and Van Roy (2003)].

2.4 Conclusion

This chapter introduced the field known as reinforcement learning, a framework of
learning through interaction with an environment. Markov Decision Processes were
presented - models that formalise reinforcement learning problems. These models
assume the decision maker (agent) knows with complete certainty the current state
and so finding the correct associated action for the state is a matter of solving for
the optimal state-value or action-value functions. These are used to find policies, the
solutions to Markov Decision Processes. The commonly used Q-learning algorithm
was presented and explained as well. The theory was then expanded to Partially
Observable Markov Decision Processes, a variation that can deal with uncertainty
as it maintains a belief distribution over all states instead of having access to the cur-
rent state. The belief update that changes the agent’s belief based on its selected ac-
tion and received observation is presented along with the value function of Partially
Observable Markov Decision Processes that is used to find solutions. The incremen-
tal pruning algorithm is presented as one common case of a Partially Observable
Markov Decision Process solver.
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Chapter 3

Methodology

The overall goal of this work lies in developing a system capable of inferring the
intention of a human to allow a robot to collaborate with that human. This chapter
presents the methodology to design, create and execute this system by using the
reinforcement learning theory from Chapter 2.

Section 3.1 presents the human’s behaviour in their environment and the considera-
tions made in modelling them. Section 3.2 lists the considerations of introducing the
robot into the environment. Section 3.3 examines the interaction process between the
human and robot. Section 3.4 introduces the idea behind using Partially Observable
Markov Decision Processes (POMDPs) for intention inference. Section 3.5 presents
the design of the POMDP, with section 3.5.1 detailing a method to manage the scale
of large POMDPs by approximating the functionality using smaller models. Section
3.5.2 presents an alternative design of the POMDP model with its own advantages
and disadvantages. Section 3.6 presents the manner in which these POMDPs will be
executed in practice. There is a running example of a human and a robot throughout
this chapter that is used to precisely illustrate the different sections of the methodol-
ogy.

3.1 Human Behaviour in an Environment

In this work, a task is defined as a problem that requires a specific behaviour
to solve it while a behaviour is defined as a number of sequential actions whose
execution would complete the task (although behaviours that do not complete tasks
can also exist). For example, a coffee making task has the following behaviour:
turning a kettle on, fetching a mug, opening coffee tin, fetching a spoon, scooping
coffee powder into the mug twice, pouring hot water from the kettle into the
mug, fetching milk, pouring milk into the mug and stirring the mixture with the
spoon thus completing the task. Removing the tools or ingredients used, the above
behaviour could be described by primitive actions such as pickup, use, put down and
directional movement. The behaviour to complete a task is the human equivalent to
the policy a reinforcement learning agent would use to complete a task, named as
such to distinguish between them.

A single human has a number of tasks that they need to complete in their environ-
ment in their everyday life. They construct a mental plan, their internal proposal for
completing their tasks including the required behaviours (and subsequently actions)
for these tasks. This mental plan therefore encapsulates all possible behaviours
that the human has for all their tasks called their intentions. Mental states cannot
be observed directly by any outside actor, only the human knows with complete
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certainty their own intention unless they explicitly communicate it to another actor,
which the human has no need to as they are the only actor in their environment.
Once the human is satisfied with their mental plan, they follow it, selecting a task
and executing the necessary actions as given by the behaviours. The human is
assumed to be able to complete all tasks without any assistance.

The human develops a consistent mental plan that they follow to complete their
tasks with either a strict or variable order depending on some conditions (poten-
tially following a different order depending on the day of the week for example).
An assumption is made that the human refuses to adapt their behaviours and so
will accept assistance in the form of another task being completed as long as it does
not impact their mental plan by disturbing task order or changing the actions the
human will execute for their current task. In the absence of verbal communication,
the human’s performed actions are the most accurate pieces of information avail-
able to infer their intention. However some parts of behaviours are not unique to
specific tasks as they use the same primitive actions (and sequences) introducing
uncertainty as to the true intention of the human. An example of this is the making
of coffee or tea - the behaviours are almost identical except for the primitive action
sequence that controls which substance is added to the mixture (teabag or coffee
powder).

In this research, the environment of the human is simulated using a gridworld - a
rectangular sized grid of m×n blocks. Inside are located a number of objects that
must be collected by the human with the process of moving to and collecting an
object being called a task. The human can move in the directions of North, East,
South and West and interact with objects by collecting them. The environment is
considered complete when all tasks are completed - that is when all objects have
been collected. This means that the environment itself is technically a task composed
of many sub-tasks. The uncertainty arises from the fact that objects may be located in
similar positions and require similar methods making distinguishing them difficult.

Running Example: Sample Gridworld

Figure 3.1 shows the Sample gridworld chosen to illustrate the human’s capabilities.
The human’s starting position is the middle of the grid (denoted by the H and the
colour blue) and is tasked with collecting the four labelled objects (denoted by A, B,
C and D respectively and the colour red). The five available actions to the human
include up, down, left, right (represented by arrows) and collect (represented
by a cross). The first four actions would move the human in the corresponding
direction while action collect collects the object, leaving the human in the same
location. From this starting position, this human has their chosen behaviours to
collect each object given in Figure 3.2. These behaviours are the preferred action
sequences that this specific human uses to complete the tasks from their starting
position. If this grid approximated the coffee making task - objects A, B, C and D
could denote the boiled water, coffee powder, sugar and spoon respectively. If the
human started holding a mug, they could simply move to collect the spoon and
afterwards move about in any order to collect the remaining objects, eventually
making their coffee.
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H

A B

C D

FIGURE 3.1: Sample gridworld FIGURE 3.2: The human’s
behaviour to collect objects

3.2 Robot Behaviour Based on the Human

A robot is introduced into the same environment with the same human with the
aim of assisting in completing the same tasks. For this robot to collaborate with the
human on their tasks, it needs a common plan to be developed so it can provide
efficient collaboration and not hinder the task completion. To prevent the human
having to plan around the robot and therefore spend more time forming a plan or
adapting behaviours, the robot needs to accommodate the human, making this fall
into the category of on-the-fly collaboration. The manner that the human functions
is dependent on tasks while the manner that the robot functions is dependent on
the inferred intentions of the human.

The robot is split into two modular components known as the thinking component
and the acting component, with the core focus of this research lying on the thinking
component of the robot. This component needs to reason about the human’s
behaviour by inferring their intentions towards tasks as it allows the robot to act
proactively as opposed to reactively once it has enough information about the
human’s intention. This enables better collaboration from the robot as it anticipates
the correct responding actions while the task is being completed instead of waiting
for the completion of the task and then responding.

To be able to infer the intentions of the human based on the behaviours they are
using for their tasks, the robot needs to know the set of behaviours that could be
executed by the human. Therefore these behaviours need to be learned (or mod-
elled) by the thinking component in an earlier offline stage prior to introducing the
robot into the environment. The assumption is made that the human’s behaviour
is stationary and so the robot should avoid disturbing the human as disturbing the
human could cause them to adapt their behaviours for tasks online, rendering the
model unable to be used. The robot needs to be inserted into the everyday life of
any human to collaborate by completing tasks and therefore reducing the overall
work (of the human) and completion time. This component is created using the
POMDP framework and is covered in section 3.5.

While the acting component of the robot is responsible for enabling the robot to
complete the tasks it selects, this component is assumed to complete any task
satisfactorily as the sole focus of this research lies on the thinking component -
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the intention inference. Tasks can be simple such as “Pick up object” to complex
such as “Prepare breakfast for two people”, meaning that the robot needs to not only
learn primitive actions for completing tasks but also develop skills that group
these primitive actions together. The acting component can be developed using
hierarchical reinforcement learning (HRL), an extension to reinforcement learning
that aims to solve complex problems by breaking them up into a set of interrelated
problems that are solved separately and then combining the solutions to create a
solution to the original complex problem [Hengst (2012)]. Alternatively the use
of inverse reinforcement learning can also lead to the development of the skills
needed to complete tasks as it aims to recover a reward function based on observed
behaviour [Ranchod et al. (2015)]. Designing the acting component is left as a future
recommendation as generally, a robot only needs to be perform actions well enough
to complete a task, even if the actions are not optimal.

Decoupling the intention inference and the actions (and skills) needed to complete
tasks into thinking and acting components respectively allows these to be improved
or replaced in isolation to the other component. The thinking component has both an
offline and online phase. The offline phase involves the construction of the POMDP
model and solving it to obtain a policy while the online phase involves using this
model and policy to infer the human’s current intention.

Running Example: Inserting Robot into Environment

A robot is introduced into the Sample gridworld shown in Figure 3.1. To isolate the
effects of the acting component, it is assumed that the human and robot cannot phys-
ically collide and the robot starts in the same location as the human. Relaxing these
two assumptions is a matter of configuring the acting component without changing
anything about the thinking component. The robot has the same objects to collect
as the human and needs to prevent itself from disturbing the human by attempting
to collect the same object that the human is currently attempting to collect. For this
reason it needs to be able to infer the intention of the human towards the current
task. Should there be an order to the collection of the objects, the robot would need
to also follow this order. For example if the human always collects objects in the
order A-B-C-D and the robot infers that the human is currently collecting object B,
then it would need to collect object C to uphold the order.

3.3 Human and Robot Interaction

The interaction between the human and robot can be described by the relationship
of an observer and the observed or subject. The observer entity (robot) watches the
observed/subject entity (human) to reason about their behaviour. As the human has a
mental plan that was established in isolation from the robot, the human is driving
the interaction - that is the human completes tasks according to their mental plan
and the robot aims to assist them.

Once the intention of the human is inferred, the robot selects a task to complete,
therefore the collaboration is enabled based on the inference. In the case of incorrect
inference, the robot may select an incorrect task (one completed previously or that
does not conform to the required order) that then hinders the collaboration effort as
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the human would need to indicate to the robot that it has made an error. In reality,
the human cannot be cognisant of the robot all of the time and so by the time the
human indicates that the robot has made an error, the robot potentially has spent
some time performing the wrong actions that can negatively impact the human and
their task completion making correct intention inference vital.

When the human completes a task, it is assumed they can observe the status of all
possible tasks, whether they are completed, in-progress or uncompleted and select
their next task based on this information. The robot, once it finishes a task, again
observes the human, reasoning about their behaviour and upon inferring their new
task intention, selects a new task to complete. This repeats until all the tasks have
been completed in the environment.

3.4 POMDPs for Intention Inference

Humans execute a sequence of actions (behaviours) to complete tasks. A robot must
be able to infer the intention of the human based on the executed human actions for
their current trajectory. Even if all action trajectories are known through modelling,
matching the human’s executed actions to infer the current task they are completing
is difficult as action sequences can be shared by multiple trajectories. Therefore the
uncertainty between multiple trajectories must be reduced by reasoning about the
actual (or true) current trajectory of the human. Consider the three arbitrary action
trajectories shown in Figure 3.3 that aim to move towards (given by directional
arrows) and collect (given by the cross) a specific object.

X

Y

Z

1 2 3 4 5 6 7

FIGURE 3.3: Three arbitrary action trajectories

The three trajectories all represent a different task but they all share similar action
sequences to one another. Depending on the actions observed, one or more of these
trajectories are possible behaviours of the human, illustrated by Figure 3.4. The
green highlighted actions indicate the sequences that match the observations - these
are the behaviours (and subsequently the tasks) that are being inferred. For the
first observation, all three trajectories have the up action and so all three of them
are candidates for the human’s intention. The second observation now creates a
two action sequence to compare to each trajectory although it does not lower the
uncertainty - all three tasks are still possible candidates. The third observation
eliminates trajectory Y as the current intention of the human as the observed action
sequence no longer matches this task. The fourth and final observation creates a
sequence that only trajectory X matches and thus this is the current task the human
is completing.

Partially Observable Markov Decision Processes (POMDP) are decision processes
whereby the agent does not have direct access to the state information, instead
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FIGURE 3.4: Trajectories indicated based on observed actions

holding a belief as to the current state and selecting actions based on this belief,
receiving observations that can be used to update its belief to be more accurate as
to the current state. They are suitable for situations whereby there is uncertainty or
some hidden information must be found through reasoning and can thus be used to
infer the human’s intention. As the human continues to execute actions sequentially,
the agent would observe these actions and use them to update its belief as to which
intention or task the current state belongs to. Once it reaches a suitable level of
confidence, it will indicate the task that is the human’s intention.

We now introduce the Action Trajectory Encapsulated Partially Observable
Markov Decision Process or ATE-POMDP that has a model based on the action
trajectories of the actor that is being modelled (human in this case). By modelling
all the trajectories in their entirety, that is all the actions, the model can detect the
underlying state and intention at any point in the human’s behaviour subject to
the actions observed and how differentiated the trajectories are. Encapsulating all
these trajectories with a model is similar to the common method of holding a plan
library - an outline of all the possible goals of a modelled agent - to be able to reason
about the goal of that agent [Albrecht and Stone (2018)]. This is the POMDP that
can be used to satisfy the first research question. Knowing the human’s intention
and knowing the remaining tasks, the robot could then select one of these tasks to
complete, thus planning its behaviour around the human’s, satisfying the second
research question. Since it models the different behaviours of the human, if the
human eventually has new tasks or refines a behaviour for a task, the model needs
to be augmented with this new task.

3.5 Offline: ATE-POMDP Design

Formally, a human has n tasks with associated action trajectory ti with i = 1...n. The
model design is restricted to only using actions as observations, although including
other contextual information (such as locations, tools or materials) can be included
to have a more descriptive observation function that aims to use more information
to differentiate action trajectories from one another. The goal of the agent is to
indicate the correct intention by firstly reducing uncertainty as to the underlying
state as each state represents part of an intention of the human.



3.5. Offline: ATE-POMDP Design 23

Tasks can be identified based on the received observations. As was shown in
Figure 3.4, it is difficult to find the true intention after only one observation and so
we expect the accuracy of the inference to improve with more observations. The
agent itself has n indicating actions (corresponding to the n tasks of the human)
and a single information gathering action. The information gathering action is used
to obtain more observations without indicating the task of the human, while the
indicating actions establish the human’s intention and are terminal resulting in the
completion of an episode. The reason for being terminal is that this marks the end
of half of the thinking component of the robot - it has determined the intention of
the human and now that information must be used to select a task (other half of
the thinking component) before passing control over to the acting component to
complete the selected task.

The ATE-POMDP agent starts in an unknown state s with belief b with this belief
being a distribution over the possible intentions of the human. Information gather-
ing action Wait will transition the agent to the next state and receive a human action
as an observation - this is equivalent to waiting for the human to act to observe
their action. The agent’s other actions are used to indicate the intention that the
human must be following. They are called indicating actions as they specify the
current task of the human such that this information can be used externally to the
ATE-POMDP to update the robot’s knowledge of the remaining tasks and to select
a task to complete itself. The state transitions are deterministic to model the human
moving with complete certainty in regards to the task they want to complete and
their actions being successful at each time step towards completing that task. This
means they will not change their minds halfway through the current task to another
new task nor will they make a mistake when it comes to completing their current
task that will cause them to deviate from their known behaviour. After reaching a
belief b whereby the agent knows with complete certainty the human’s intention, it
is indicated, thus ending the episode for the agent. The idea of waiting was chosen
as this will leave the human undisturbed and is the most passive possible behaviour
of the robot that will not hinder the human. The human, having executed their
last action and completed their task, will now select a new task at which point the
ATE-POMDP must be re-initialised to infer their new intention.

An Action Trajectory Encapsulated Partially Observable Markov Decision Process is
defined by:

• S - The state space represents the progress of the human in a task’s action
trajectory. The states are therefore representations of the human executing a
certain action in a particular action trajectory with the entire state space acting
as a progress indicator across all trajectories. This model allows the human’s
intention to be inferred at any point in any trajectory. The state space S has a
size equal to the total number of actions from all trajectories. If n is the num-
ber of tasks with associated action trajectory tn, the function A(tn) gives the
number of actions of task n. Thus the number of states is equal to:

|S| =
[

∑
n

A(tn) + 1
]
+ 1

The additional state per trajectory tn acts as the starting state for the agent
prior to receiving any observations - the human has not yet executed an action.
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There is one additional state that acts as the terminal state for the entire model.

• A - The action space is a set of actions that are used to indicate the current
intention of the human with one additional action that is used to gather infor-
mation. Intention refers to a task that an action trajectory is associated with.
The action set A has a size equal to n + 1 where n is the number of tasks that
the human has. There needs to be as many actions as there are tasks to be able
to indicate the current intention that the underlying state is part of. The addi-
tional action Wait is used to gather more observations if the agent is uncertain.

• T - The transition function defines deterministic state transitions. If the agent
needs more information, it performs the information gathering action Wait
(waiting for the human to execute their next action) and transitions to the next
state where the human’s action is received as an observation. Intention indi-
cating actions move the agent to the terminal state. Gathering information in
the state whereby the last observation has been received will transition to the
terminal state as this means the human has finished their task and there are no
more actions to observe.

• γ - The discount factor. It has a value of 1 so rewards will not decay over time.

• R - The reward function gives a penalty for every information gathering action
to discourage gathering more information than needed and taking too long.
Positive rewards are given when the correct indicating action is executed by
the agent - it has determined the true intention of the human. Negative re-
wards are given for indicating the incorrect intention.

• Z - The observation set is equal to the overall number of distinct actions from
all trajectories.

• O - The observation function defines deterministic observations given transi-
tioning to state s’ from state s having selected action a.

Running Example: Constructing the ATE-POMDP

To illustrate the ATE-POMDP, it will now be designed based on the human in the
Sample gridworld given in Figure 3.1. The action trajectory for only object A in this
environment is given by Figure 3.5.

A

FIGURE 3.5: Action trajectory for object A

The A trajectory is made up of 5 consecutive actions: left, left, up, up, collect.
There are only three unique actions - left, up and collect - that make up the
observation set Z for the ATE-POMDP created specifically for only this trajectory.
There are a total of 7 states (5 human actions plus 2 states, the start and terminal
states) and 2 actions (the information gathering action Wait and the only indicating
action possible Human_A as this model only includes a single action trajectory). The
full ATE-POMDP for this single trajectory is given in Figure 3.6.
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FIGURE 3.6: ATE-POMDP model based on trajectory A

Each circle represents a state of the ATE-POMDP with AS representing the starting
state of the agent and the cross (×) representing the terminal state. The agent’s ac-
tions include Human_A, Human_B, Human_C, Human_D - four actions used to indicate the
human’s underlying intention for a task in the Sample gridworld - and Wait, the in-
formation gathering action. There should be one indicating action per trajectory and
since only the A trajectory is used, only the Human_A action should be present, how-
ever all indicating actions for each possible intention are shown for completeness
to show the effects of executing the incorrect indicating action. For this particular
ATE-POMDP model, the optimal policy would be to execute action Human_A regard-
less of the belief - it is the only action that results in a positive reward. The full
ATE-POMDP design (for all 4 action trajectories) of Sample gridworld is given in
Appendix A. These indicating actions are the driving force behind the inference -
executing these actions is equivalent to the robot deciding that the intention refer-
enced by the human’s actions is the true intention and based on this information, the
robot can now collaborate as it has found the intention of the human and it can now
select its own task to complete and the acting component can then be used.

3.5.1 Dealing with ATE-POMDP Scaling

Generally, a human does not need to return to their starting location for every task -
they would simply select their next task and move towards that new object based on
the ending location of the previous task. This changes the point of view of objects as
seen relative to the human depending on the task completion order. For example,
the human starts in a position whereby object A is to their left and object B to their
right. By moving left to collect object A, the relative location of B has changed
for the human - it is now behind them and so to collect object B, the human must
now move backwards (or turn around and move forward). This changing point of
view relative to the human is known as the human’s perspective and it is based on
their position in the gridworld. While the location of the remaining objects has not
changed, the human’s new location needs its own behaviours to reach and collect
the other objects.
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All these perspectives give rise to a large number of possible action trajectories
for the same task. This leads to a large state space that can quickly scale the
ATE-POMDP model to intractability if all of these perspectives are combined into
one ATE-POMDP model as then the model needs to encapsulate the movement to
any object from any other object. The belief space itself will now initially consider all
action trajectories for all tasks at the same time and that will require many observa-
tions and actions until the belief space is updated to reflect the true underlying state
(and therefore human intention) with complete certainty. This means that the agent
would consider action trajectories for tasks that may be blocked until other tasks are
completed prior. The functionality of this large ATE-POMDP can be approximated
by splitting the ATE-POMDP into multiple ATE-POMDPs based on grouping action
trajectories together based on perspective, alleviating the complexity of solving
one large POMDP model. Each smaller perspective ATE-POMDP can be initialised
correctly by having the indicating action of the previous model act as the identifier
as to the next ATE-POMDP model to be initialised based on perspective - achieving
the same autonomy that would have been provided by one large ATE-POMDP
model.

Running Example: Multiple Perspectives of the Human

As the human does not return to their starting location in the Sample gridworld,
the human’s possible different perspectives need to be considered, requiring ATE-
POMDPs designed for them. There are as many perspectives for a human as there
are tasks, with an additional one for the starting location. Figure 3.7 shows the action
trajectories of the human (their behaviour to collect the remaining objects) from the
four new starting locations, based on whether they collected object A, B, C or D first.

FIGURE 3.7: Task trajectories from perspective A, B, C and D

The four objects (A, B, C and D) can each be collected by 3 different action tra-
jectories shown in Figure 3.7 with an additional action trajectory based on the
starting location given by Sample gridworld (Figure 3.2). This means that a total
of 16 different trajectories need to be modelled in the ATE-POMDP leading to a
state space of 96 states - already computationally intractable based on the solution
technique given in section 2.3.3. Creating five ATE-POMDPs based on the different
perspectives results in four ATE-POMDP models with 19 states each and one model
with 20 states that can be solved to obtain a policy. These five ATE-POMDP models
function in the same way as the large ATE-POMDP except being computationally
tractable. Avoiding one large ATE-POMDP model is further motivated based on
whether the human has multiple starting locations and this is shown in Appendix B.
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3.5.2 Static ATE-POMDP Design

The ATE-POMDP attempts to infer the human’s intention for a task by observing
the human’s actions as evidence for their current intention. The uncertainty in
the inference comes from the fact that multiple action trajectories share similar
action sequences, making it difficult to establish the current trajectory. The more
observations, the more the uncertainty is reduced. In Figure 3.4, by the third obser-
vation, two trajectories are still possible candidates that the human was following.
However, by that third observation, trajectory B has been eliminated as a possible
candidate for the human’s intention. Instead of requiring a fourth observation to
establish the human’s intention, the robot could simply have chosen to complete the
task it was certain that the human was not completing - task B.

We now propose an alternative method in using an ATE-POMDP based on the fact
that it is quicker to eliminate tasks not being completed by the human than finding
tasks that the human is completing. The model remains the same as described in
the previous sections except that the indicating actions are replaced with assisting
actions with the reward function being adjusted for these actions. The assisting
actions explicitly dictate the task that the robot should complete itself as opposed
to the indicating actions that are used to specify the human’s current intention
so this information can be used externally to the ATE-POMDP model. For the
sake of clarity, the original ATE-POMDP model is called the dynamic version with
designation (D) while the alternative ATE-POMDP model is called the static version
with designation (S). The reason for this naming convention is that the dynamic
ATE-POMDP can infer the intention of any combination of tasks at the cost of
taking more time and observations while the static ATE-POMDP can only infer the
intention for certain combination of tasks using less time and less observations.

The dynamic ATE-POMDP or ATE-POMDP (D) uses its actions to indicate the
intention of the human once the uncertainty has been reduced using its updated
belief space b. Once the intention is indicated, this information is used by the robot
to eliminate the current task from the internal list of the possible tasks of the human
could be completing. With the list being reduced, the robot would then select a task
to complete. Since the robot has a choice as to the task it can select to complete -
the next set of ATE-POMDP models (based on perspective) need to include every
possible task trajectory that can scale the models making them larger and harder
to solve. By including every task trajectory, this robot has the ability to infer the
human’s intention for any combination of tasks.

The static ATE-POMDP or ATE-POMDP (S) uses its actions to assist the human
by grouping trajectories with similar action sequences under the same assisting
action through the reward function. This means that even though the agent may
be uncertain between a number of trajectories, if they all have the same assisting
action - it can be executed without the need to further reduce the uncertainty. As
observations are received and uncertainty is reduced, the agent attempts to assist
the human based on its internal preference of tasks to complete. If the human’s
current intention is not indicating the first preferred task, then this agent will
select that as the task to complete. This use of ATE-POMDP models restricts the
possible combinations of tasks that the human can do hence being called static. For
example the agent could always select task B if the human never shows intention of
completing it. This would result in the trajectory of task B being absent from any
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subsequent ATE-POMDP models for the different perspectives as it will always be
complete from the human’s new perspective.

The ATE-POMDP (D) is easier to implement since all action trajectories can be in-
cluded and this allows it to infer the intention of the human for all task order varia-
tions whereas ATE-POMDP (S) needs more care in its implementation to make sure
that the specific combinations are covered by the ATE-POMDP (S) models based on
the perspectives later on in the collaboration setting. This also means that the ATE-
POMDP (D) has more states and actions making models larger and more difficult to
solve compared to the ATE-POMDP (S) that has less states and actions. The ATE-
POMDP (S) also functions in less time steps than the ATE-POMDP (D) at the expense
of not being able to handle all task order variations, meaning that if the human has
a preferred order of tasks, the ATE-POMDP (S) can not be used to infer the human’s
intention to select the next task that adheres to that order.

3.6 Online: ATE-POMDP Execution

Having obtained ATE-POMDP models, they now need to be used to infer the hu-
man’s intentions. Applying the models effectively requires a simulation standard
- a set of rules that dictate the interaction with the ATE-POMDP and to dictate the
interaction between the human and the robot.

3.6.1 Interacting with the ATE-POMDP

The simulation standard for interacting with the ATE-POMDP is identical to the one
utilised by the POMDP framework in [Egorov et al. (2017)]. This POMDP standard
defines a simple method to initialise the model and interact with it at every time
step. The simulation standard is given in Algorithm 5.

Algorithm 5: ATE-POMDP Simulation Standard

1 initialise ATE-POMDP . model created offline
2 initialise π . policy solved offline
3 initialise γ
4 s←− s0 . chosen according to current intention
5 b←− b0 . distribution over possible intentions
6 rtot ←− 0
7 while episode do
8 a←− π(b) . action selected using policy
9 s′, z, r ←− ATE-POMDP(s, a) . executing action in ATE-POMDP model

10 b←− Update(b, a, z) . belief updated using b, a, z
11 rtot ←− γ * r
12 s←− s′

13 end

The simulation standard proceeds as follows: The ATE-POMDP model and its
policy π are initialised, having been both created in the offline phase (lines 1 - 2).
Depending on the current discrete point in time of the intention, the underlying
state s0 is set as s (line 4) along with an initial distribution for the possible intentions
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of the human (line 5).

The interaction continues until the terminal state is reached. Utilising policy π and
the current belief b, the best action a for the agent is found and executed. This results
in the transition to the underlying state s′ (unobservable intention of the human)
and returning the observation z and the reward r to the agent. The agent updates
its belief b and stores its reward r. The reward value is generally unused except as
a metric to evaluate the effectiveness of the ATE-POMDP model itself - low reward
means that the model may be using a sub-optimal policy. Note that while the vari-
ables s and s’ are shown in the Algorithm 5, the agent still does not have access to
this information. Using the observation z, the action a and the belief b, the belief is
updated. The next iteration then begins with the agent using their new belief with
the policy to find their new action and executing it. This continuously loops until
eventually the terminal state is reached.

3.6.2 Human-Robot Collaboration Simulation Standard

The human-robot collaboration standard is the manner in which the two teammates
will act to collaborate in completing the tasks. The human drives the interaction
by going first, allowing their actions to be observed. The simulation standard is
shown in Figure 3.8, with both teammates being their own separate entities. For
ease of simulation, they are assumed to both be comprised of thinking and acting
components. The acting component could use different action trajectories for the
human and robot to complete the same task although this research assumes that the
action trajectories are the same to complete the same task. The thinking component
is whereby they differ with the human selecting tasks based off of a list that details
the available tasks in the environment while the robot uses the ATE-POMDP to
infer the human’s intention and then selecting tasks itself.

Thinking
(ATE-POMDP)

Acting

Thinking

Acting

Human Robot

Observed 
Human Action

Task Selected

Task C
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pleted

Task C
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pleted

Task Selected

FIGURE 3.8: Human-robot collaboration simulation standard

The HRC simulation standard in Figure 3.8 works as follows: The POMDP and
human are both initialised as standalone actors. The human selects tasks in their
thinking component which are then completed by the acting component executing
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the required actions. The robot initialises the ATE-POMDP in the thinking compo-
nent based on the simulation standard given in Algorithm 5. Once an indicating
(or assisting) action is executed and the agent estimates the current intention of the
human, a task is selected to be completed with control being passed to the acting
component that executes the necessary actions, one per time step, to complete the
chosen task. The green line represents the human action information that the robot
is observing using its ATE-POMDP (although this is encapsulated by the model,
there is no direct communication between the human or the robot). Once tasks are
completed, the control is passed back to the thinking component and after a new task
is selected, the acting component is again used. This repeats until all tasks have been
completed.

3.7 Conclusion

This chapter described the human and their behaviour in their environment to solve
tasks. Introducing a robot into the same environment requires a model of the hu-
man before it can infer the human’s intention for a task so that it can assist them.
The robot will observe the human’s actions and infer their intention for a task, then
select another task to complete itself. This is accomplished through the use of an Ac-
tion Trajectory Encapsulated Partially Observable Markov Decision Process (ATE-
POMDP) that has a design based directly on the action trajectories of the human.
Due to computational constraints as these ATE-POMDP models scale, we segment
the model into multiple smaller models based on the perspective of the human,
that is their changing point of view based on their movement in the gridworld but
achieving the same functionality that the large ATE-POMDP model has. Two ver-
sions of the model are described - the ATE-POMDP (D) with its ability to infer the
intention of the human based on any combination of tasks at the cost of more time
steps and the ATE-POMDP (S) with its ability to infer the intention of the human
based on a subset of combinations of tasks using less time steps.
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Chapter 4

Experiments and Discussion

This chapter details the experiments conducted to evaluate the use of the ATE-
POMDPs as the intention inference mechanism in enabling human-robot collabo-
ration. Section 4.1 presents the setup of the simulations of the ATE-POMDPs with
Section 4.1.1 explaining the metrics that will be collected from each simulation
to evaluate each team and Section 4.1.2 detailing the different teams that will be
used in the simulations. Section 4.2 presents the various experiments simulated,
the Sample gridworld, Alternative gridworlds and the Larger gridworlds in section
4.2.1, section 4.2.2 and section 4.2.3 respectively. Section 4.3 presents the discussion
around the results of the experiments.

4.1 Experimental Setup of Simulations

The designed ATE-POMDPs need to be tested in simulation to determine their
effectiveness for intention inference and whether this inference will aid and allow
the robot to collaborate with a human. Specifically in these experiments, the
intention of the human is defined as the human’s desire to move to and collect a
specific object. Therefore by finding the human’s intention using the ATE-POMDP,
the robot can then select and complete another task and the more tasks there are, the
more intentions that can be inferred. As the number of unfinished tasks decreases,
correct intention inference is required as it allows the robot to know the tasks
available based on the tasks it has completed itself and the tasks the human has
completed.

Due to the computational constraints of POMDPs, the chosen gridworlds for the
simulations will be smaller in size as the location of objects relative to one another
determines the size of the ATE-POMDP model. All experiments are implemented
using the Julia programming language using the framework called JuliaPOMDP
that provides a number of POMDP specific features [Egorov et al. (2017)]. The
chosen POMDP solution algorithm is incremental pruning implemented in the
POMDPSolve software [Cassandra (1998)]. The experiments adhere to the simula-
tion standards given in chapter 3.

Each simulation is comprised of a number of tasks to be completed with these tasks
taking the form of collecting objects throughout a grid. The actions available to both
the human and the robot include movement directions of up, down, left, right that
move the specific actor in that direction and the action collect that picks up an
object when the actor occupies the same location as the object. Collecting all objects
means that all tasks are completed and thus the episode ends. Time steps are a fixed
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discrete duration of time that the human and robot either use their thinking or acting
component. The human thinking refers to the human selecting their next task while
the robot thinking refers to reasoning about the intention of the human using the
ATE-POMDP.

In each simulation, the human is assumed to be able to determine the completed
tasks (even those complete by the robot) or in-progress tasks in a single time step.
The human does this to infer the robot’s intention such that they do not select tasks
that the robot is busy with or has already completed. In reality, it is reasonable that
the robot announces its intention to the human so that they would know the task
the robot is completing or has completed. Both actors are assumed to start and
finish tasks in their entirety - they will not select another task halfway through. The
human selects new tasks in one time step while the robot selects tasks in the same
time step when it has estimated the intention of the human using the ATE-POMDP.

Tasks collisions exist in the form of the robot and the human selecting the same task
or a task that has already been completed. Since the human has to act first in order
to establish the relationship between the observer and the observed, these collisions
can only be caused by the robot inferring the incorrect intention as it would select
its task after the human. Should task collisions occur, the human wastes a time
step warning the robot and losing time to complete their own task while the robot
spends that same time step selecting a new task or preparing to observe the human
again. This means that the more task collisions that occur, the longer the completion
of all tasks would take, extending the duration of the episode. In simulation, this
warning takes the form of a flag that is checked at every time step by the robot and
if this flag is set, it re-initialises its thinking component to select a new task based on
the inference it has already done.

The ATE-POMDP models themselves are tested under two different belief spaces
referred to as bpartial and b f ull . The belief bpartial refers to a belief distribution over
only a subset of all possible states while the belief b f ull refers to a belief distribution
over all states. The belief reduction in the bpartial space comes from the fact that even
though the human has n tasks, the received observation represents a single action
from each of those n tasks thus only that subset is considered when initialising the
belief distribution as opposed to the entire state space. It assumes that a human can
only execute a single action at a point in time from each task - not every action from
every task at a point in time. The belief b f ull refers to the fact that the agent will
initially be given a belief distribution over every possible state with the idea that
the human could potentially be executing every action as the agent does not know
the current point in time that the human is executing actions. This is much more
realistic as initially, every action has the same likelihood of being executed by the
human, making all intentions equally as likely.

An example of the different belief spaces and their effect on the ATE-POMDP
is illustrated using the action trajectories shown in Figure 3.3. An ATE-POMDP
designed for these three action trajectories would be comprised of 25 states with
states associated for a trajectory denoted by X, Y and Z in Figure 4.1. The symbols
Xs, Ys and Zs denote the starting states and the terminal state is given by T. The
underlying true starting state based on the human’s intention is X1. The initial belief
distribution bpartial is based on the subset of possible states X1, Y1 and Z1, each with
probability 0.33, given in Figure 4.1a. The observations are returned by executing
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the action Wait. The first observation up updates the belief b to the distribution
shown in Figure 4.1b while the second observation right updates the belief b as
shown in Figure 4.1c. The reason that there is no further reduction of uncertainty
among these two possible states after two observations is due to sharing a similar
action trajectory. The third observation down updates the belief b to a probability of
1 for state X4 as shown in Figure 4.1d. This would be the true underlying state of
the human since they started in state X1 and three time steps passed (given by the
three observations) and thus the human’s intention is task X.
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(A) Initial bpartial
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(B) Updated b with up
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(C) Updated b with right
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(D) Updated b with down

FIGURE 4.1: The initial belief bpartial and its updated distribution after
each observation

The same ATE-POMDP is now tested with the b f ull space with the underlying true
starting state again being X1. The b f ull has a distribution over every state (except
the terminal state T) with each state having a probability of 0.0416, shown in Figure
4.2a. The first observation up updates the distribution from 24 possible states to 7
possible states as shown in Figure 4.2b. The second observation right updates the
distribution to 4 possible states (Figure 4.2c) and the third observation down to 2
possible states (Figure 4.2d). The fourth observation right updates the belief b to
a probability of 1 for state X5 as shown in Figure 4.2e. This is the true underlying
state of the human and thus the human’s intention is task X.

The benefit of the bpartial compared to the b f ull is that it makes the intention inference
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(A) Initial b f ull
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(B) Updated b with up
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(C) Updated b with right
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(D) Updated b with down
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(E) Updated b with right

FIGURE 4.2: The initial belief b f ull and its updated distribution after
each observation

easier as there is less uncertainty initially. While it is an idealistic setting, it is still
a valid way to test the ATE-POMDPs as the robot tracking the number of time
steps passed is a simple way of reducing the initial uncertainty. For example,
assuming x time steps have passed, the human would be executing action x-1
from a trajectory from all possible trajectories. The minus one correction factor
is due to the human’s thinking component that always takes one time step. This
means that the initial belief distribution should be over all x-1 states from all n



4.1. Experimental Setup of Simulations 35

trajectories. In a realistic setting, tracking the time steps is not always possible so
the belief b f ull should be tested as it is more appropriate to use in a real world setting.

4.1.1 Experiment Metrics

The following metrics are recorded during each experiment with each experiment
being run for 20 episodes. An episode is complete once all objects are collected (all
tasks are completed). The experiments are also run under two different settings -
random order and arranged order. Random order means that the objects can be
collected in any order in each episode while arranged order means that objects must
be collected in an order defined for that particular episode. The results will show
both the average (x̄) and the standard deviation (σ) for each experiment.

Tasks Completed

This metric records the number of tasks completed by each member of a team to
establish the amount of work done. This metric will show whether teammates share
the workload evenly or whether one teammate does more work than the other.

Thinking Time

This metric records the number of time steps it takes each teammate to select the task
they will be completing during their thinking component. This time is variable, tak-
ing a single time step for a human to select a task while robots will use as much time
as needed according to their thinking components. This time is subject to increases
based on the number of task collisions that may occur.

Acting time

This metric records the number of time steps it takes each teammate to execute the
actions required to complete the task they selected. All robot teammates take the
exact same amount of time that the human would take for completing the same task
as they are using the same actions. This time is subject to increases based on the
number of tasks a teammate will do in an episode.

Total Time

This metric records the total time taken to complete all the tasks in each episode for
the team. Depending on the division of tasks (or lack thereof), this value can increase
in the case of poor collaboration or decrease in the case of good collaboration.

Collisions

This metric records the number of task collisions in an episode for a team - the num-
ber of times the robot selects a task that the human has already chosen or has been
completed. If the intention inference is good, there should be little to no collisions.
Every collision that occurs adds a time step onto the current episode thereby making
it longer.
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4.1.2 Defining Collaborative Teams

The ATE-POMDPs are tested not only in their ability to infer intentions but also in
their ability to collaborate with the human against other teams that use different
techniques to infer intentions and collaborate with the human. In each team,
the human uses a single time step to evaluate the completed, in-progress and
uncompleted tasks, choosing an uncompleted task to complete and then executing
the necessary actions in the next time step until the task is completed. In the case of
one remaining task, whoever (human or robot) selects it will complete it while the
other teammate will be idle until the task is completed and the episode ends.

Two teams are used to establish the upper (team with a single human) and lower
bound (team of two human teammates) of performance in terms of time taken to
complete all tasks. All other teams contain a single human as one teammate and
a robot as the second teammate. This robot has the same acting component in all
teams but has a different thinking component that will dictate the collaboration
effectiveness depending on the method used to infer the human’s current intention
for a task. The actions performed by the human (during their acting component) to
collect objects in the gridworlds are found using Q-learning - optimal policies found
in a gridworld without a collaborator. The action trajectories based on Q-learning
are used to develop the ATE-POMDP models.

If a robot makes a mistake - either during intention inference or during task
selection by choosing a task that the human is currently completing or has been
completed, the human will issue a warning to the robot as a collision has oc-
curred. This behaviour is not included in the policy obtained by Q-learning but
rather by the environment setting a signal that the human sees and then issues a
warning. Issuing a warning takes one time step for the human before resuming
their behaviour in the following time step while the robot uses the warning time
step to re-think (and re-initialise its thinking component), resuming its behaviour
in the next time step (unless another collision occurs and another warning is issued).

The human in each team functions by having a list that tracks all of the tasks that
still need to be completed in the environment and excluding tasks that have been
completed or are in-progress with this list being unavailable for the robot to view.
The thinking component results in a task being selected (based on the list) before
the acting component completes that task by executing the required actions (to
move towards and collect an object in this case). Once the task is completed, the
list is updated and the human continually cycles between their thinking and acting
components to select new tasks or execute actions until all tasks are completed.
Selecting a task to complete takes a single time step for the human while executing
actions takes one time step per action.

Throughout the rest of the document, the teams are identified by the behaviour of
the collaborative partner given in bold.

None

This team consists of only a single human that has to complete all tasks by them-
selves - they have no teammate to collaborate with. This team is used to establish
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the upper bound of performance in terms of the (longest) time taken to complete
an episode to compare all other teams against. Since the single human will have to
complete every task by themselves, it should take the longest time to complete an
episode. By acting as the upper bound, this human’s time taken per episode needs
to be improved on for a team to be considered as collaborating effectively.

Human

This team consists of two humans that can share the workload to complete all tasks.
This team is used to establish the lower bound of performance in terms of (shortest)
time taken to complete an episode to compare all other teams against. Due to the
fact that both teammates are human, they can determine the completed, in-progress
and uncompleted tasks since they share the same task tracking list. This team is
expected to complete an episode the fastest out of all teams as it needs less time to
think compared to the robots in the other teams. Other teams that approach the level
of performance of this team means that they are extremely effective in collaborating.
The humans are identical in implementation - that is they have the same thinking
and acting components as each other and by sharing a list of all available tasks, this
team avoids collisions and collaborates on the tasks in the gridworld.

Random

This team consists of a human and a robot teammate that randomly selects tasks
to do in the environment. The fact that the robot randomly selects tasks to com-
plete means that this robot can potentially be very efficient if it randomly selects the
needed tasks to be completed without causing a task collision. The efficiency comes
from only needing a single time step to select a task as it does not infer the human’s
intention, potentially saving a lot of time steps. The random selection also has the
potential to cause many task collisions, increasing the number of time steps until all
tasks are completed. The robot has a list of all the tasks in the environment and ran-
domly selects one using its thinking component and, provided no collision occurs,
the acting component then executes the actions needed to complete the task. This
repeats until all tasks have been completed.

Distance

This team consists of a human and a robot teammate that infers the human’s
intention by calculating the human’s distance to an object in the gridworld. When
the human is a certain distance away from an object, the robot infers that is the
intention of the human and then selects tasks to complete based on that information.
This robot may struggle to distinguish between the human’s intentions if multiple
objects are located similar distances away from the human at once. This robot has a
list of all the objects in the gridworld along with their x,y coordinates. The thinking
component calculates the distance of human from an object and if that distance
is less than a threshold level, then that is taken as the object the human is trying
to collect (their intention) and so a task is selected based off of this information.
The acting component then executes the actions needed to complete the task. This
repeats until all tasks have been completed.
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ATE-POMDP (D)

This team consists of a human and the robot that is using the ATE-POMDP (D) in
its thinking component. This means that regardless of the order of tasks the human
chooses to complete, this model has the capabilities to infer the correct intention.
The agent is initialised with a belief (either bpartial or b f ull) and upon taking action
Wait and receiving observations, the belief is updated such that the true underlying
state (intention of the human) can be found. Once this state is known, the agent can
execute the corresponding indicating action to establish the intention of the human
with the possibility of this being correct or incorrect. Following this, the robot up-
dates its knowledge of the tasks that still remain in the environment as it keeps a list
of all available tasks and removing tasks that it completes itself or infers the human
to be completing. After this knowledge update about the current available tasks,
it selects a task from the list to complete. This is all accomplished by the thinking
component and following task selection, the acting component will take over to ex-
ecute the required actions to complete the selected task with one action per time step.

Once the acting component finishes, the thinking component is again initialised with
the next ATE-POMDP model due to the new perspective of the human, chosen
based on the indicating action in the previous ATE-POMDP model. At any point in
the simulation, a warning from the human means that the model has inferred the
incorrect human intention or failed to infer an intention entirely so that the robot
selected a task that the human is completing themselves (or has been completed)
and will be recorded as a collision. This will re-initialise the correct model if the
previous intention was incorrect so that the simulation can continue.

ATE-POMDP (S)

This team consists of a human and the robot using the ATE-POMDP (S) that can
only infer a set amount of combinations of tasks. The agent is initialised with a belief
(either bpartial or b f ull) and upon taking action Wait and receiving observations, the
belief is updated. The updated belief can be used to determine whether the human
is currently completing their preferred task - with the preference order given by the
reward function. If the human is completing another task, the agent will choose to
assist on that first preferred task and in the case the human is completing that first
preferred task, the agent will choose to assist on its second preferred task. This is
all accomplished by the thinking component and following task selection, the acting
component will take over to execute the required actions to complete the selected
task with one action per time step.

Once the acting component finishes, the thinking component is again initialised
with the next ATE-POMDP model being chosen based on the human’s new current
perspective. At any point in the simulation, a warning from the human means that
the model has inferred the incorrect human intention or failed to infer an intention
entirely so that the robot selected a task that the human is completing themselves
(or has been completed) and will be recorded as a collision. This will re-initialise
the correct model if the previous intention was incorrect so that the simulation can
continue.
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This team is only applicable to environments that do not have an arranged order
of tasks - that is where no order to the collection of objects exists. Due to selecting
tasks to complete based on its own preferred order, it cannot uphold the enforced
arranged order without inferring the human’s intention with complete certainty - an
ability that this model does not have.

4.2 Experiments

This section introduces the experiments conducted to evaluate the different teams
to establish the effectiveness of the intention inference and collaboration of the ATE-
POMDP models compared to other teams. The most important metric that dictates
effectiveness of collaboration (as a result of inference) is the total time. The best total
time between the teams of Random, Distance, ATE-POMDP (D) and ATE-POMDP
(S) is highlighted in green in the following tables. The table identifies each team by
the collaborative partner’s behaviour (in bold) and is sub divided into the human
and robot. The type of belief space setting for the ATE-POMDPs is also listed in the
tables.

4.2.1 Sample Gridworld

This experiment evaluates Sample gridworld, shown in Figure 4.3. This gridworld
has a symmetrical placement as all the objects to collect are located in the corners
of the grid giving them the same distance from one another and from the starting
position in the middle of the grid.

This experiment serves as a coherence check to confirm whether the teams can ac-
tually infer intentions and collaborate due to the placement of objects. The overlap
between tasks, that is the action trajectory used to collect an object, is minimal which
should make intention inference almost trivial when it comes to distinguishing be-
tween different intentions of objects to collect. For example, a human moving up
means that they could be either intending to collect object A or B and followed by
left, the intention inferred should be to collect object A. The intentions being so
easily distinguishable makes Sample gridworld an idealised environment.

H

BA

C D

FIGURE 4.3: Symmetrical Sample gridworld
Random Order

Table 4.1 shows the results of the various teams where there exists no arranged order
to the completion of the tasks.

None has to complete all the tasks by themselves thus taking the longest average
total time from all teams with 28.4 time steps. Human manages to split the work
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bpartial b f ull

Metric
Team None Human Random Distance ATE-POMDP (D) ATE-POMDP (S) ATE-POMDP (D) ATE-POMDP (S)

Human Human Human Human Robot Human Robot Human Robot Human Robot Human Robot Human Robot
Tasks

Completed
x̄ 4 2 2 2 2 2 2 2 2 2 2 2.5 1.5 2.15 1.85
σ 0 0 0 0 0 0 0 0 0 0 0 0.5 0.5 0.36 0.36

Thinking
Time

x̄ 4 2 2 2 4.7 2 4 2 7 2 6.4 2.5 7.4 2.15 6.4
σ 0 0 0 0 2.99 0 0 0 0.45 0 0.92 0.5 0.8 0.36 0.92

Acting
Time

x̄ 24.4 11.6 11.6 11.6 11.6 10.6 10.6 11.8 11.8 11.6 11.6 14.5 8.7 12.35 10.85
σ 3.35 1.96 1.96 1.96 1.96 1.43 1.43 1.99 1.99 1.96 1.96 2.87 3.95 2.15 3.07

Total
Time

x̄ 28.4 13.6 17.55 14.95 19.8 18.0 20.9 18.15
σ 3.34 1.96 4.77 1.63 2.23 2.57 2.39 2.54

Collisions
x̄

N/A N/A
3.95 0.35 0 0 0 0

σ 4.64 0.48 0 0 0 0

TABLE 4.1: Results for Sample gridworld with random order.

equally with both teammates completing the same number of tasks and taking 13.6
time steps on average, almost using only half the time of None.

Random completes the episode faster than None but slower than Human. This is
due to the increase in thinking time of the robot as it selects tasks that either the
human is busy completing or that have been completed, causing the human to
issue a warning and requiring the robot to think about its next task. This occurs
continuously until it finds a valid task to complete and accounts for the 3.95
collisions on average. Even with this number of collisions it shows that teamwork
is better than working alone like None.

Distance works well in Sample gridworld due to the symmetry of all objects
compared to the human. As the human moves closer to objects, this causes the robot
to perceive that the closest object is the intention of the human when a set distance
away and so the robot chooses a task to complete based on this information.
Collisions occur as the robot does not strictly update its task knowledge based
on the human’s perceived task, resulting in selecting tasks that may have been
completed in the past.

ATE-POMDP (D) manages to correctly infer the human’s intention without causing
any collisions as it waits for full certainty of the human’s intention. The design
of the ATE-POMDP allows objects that have been collected (or currently being
collected) to be removed from the list of possible intentions, making it less likely
to cause a collision. This knowledge update of in-progress or completed tasks
is exactly what Distance lacks to prevent collisions. The extra time taken to be
fully certain increases the thinking time beyond any of the other teams under
both belief settings. Under the bpartial setting, the teammates complete the same
amount of work compared to the b f ull setting where the robot teammate completes
less tasks on average only completing 1.5 tasks per episode. The reason for this is
that when the human acts, the robot updates its belief until it knows the human’s
intention with complete certainty and will execute the indicating action in the next
time step. The human thinks before the robot in the next time step and selects
the task that the robot would have selected resulting in the completion of more tasks.

ATE-POMDP (S) functions correctly for this environment due to tasks having no
order. Due to the extra care taken in designing ATE-POMDP (S), it performs better
than ATE-POMDP (D) by using 0.6 - 1 time steps less for its acting time for the bpartial
and the b f ull settings respectively. The effects of the bpartial and the b f ull settings are
minimal as ATE-POMDP (S) only suffers a 0.15 time step increase on average per
episode.
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Arranged Order

Table 4.2 shows the results of the various teams where there exists an arranged
order that must be upheld during the completion of the tasks.

bpartial b f ull

Metric
Team None Human Random Distance ATE-POMDP (D) ATE-POMDP (D)

Human Human Human Human Robot Human Robot Human Robot Human Robot
Tasks

Completed
x̄ 4 2 2 2 2 2 2 2 2 2.45 1.55
σ 0 0 0 0 0 0 0 0 0 0.5 0.5

Thinking
Time

x̄ 4 2 2 2 9.5 2 6.6 2 6.4 2.45 7.2
σ 0 0 0 0 5.68 0 1.96 0 0.73 0.5 0.6

Acting
Time

x̄ 23.8 11.6 11.6 11.6 11.6 11.6 11.6 11.6 11.6 14.85 9.35
σ 3.46 1.96 1.96 1.96 1.96 1.96 1.96 1.96 1.96 2.85 4.15

Total
Time

x̄ 27.8 13.6 21.1 18.2 19 21.25
σ 3.46 1.96 6.85 3.92 2.35 2.07

Collisions
x̄

N/A N/A
7.5 0 0 0

σ 5.68 0 0 0

TABLE 4.2: Results for Sample gridworld with arranged order

The effect of the arranged order on Sample gridworld is minimal with None and
ATE-POMDP (D) (under the bpartial setting) taking 0.6 and 0.8 less time steps
respectively. Random, Distance and ATE-POMDP (D) (under the b f ull setting) take
3.55, 3.25 and 0.25 more time steps respectively. Human takes the same amount of
time steps in the arranged order as it did in the random order.

Distance performs the best from the other teams, being the closest to the per-
formance of Human. This is attributed to the symmetrical nature of the Sample
gridworld as it is quite distinct to know the object the human teammate is collecting
since they are placed in the corners. Additionally the robot now does update its task
(and intention) knowledge based on the human’s perceived task and this results
in no collisions unlike for the random order setting. This knowledge update is
mandated by the arranged order setting to allow the collection order of objects.

ATE-POMDP (D) performs close to the level of Distance under the bpartial setting,
taking 0.8 more time steps. Under the b f ull setting, it perform worse than Random
due to the extra time taken to reduce the uncertainty and thus the longer resulting
thinking time. This longer thinking time also causes it to no longer equally split the
tasks completed between both teammates in the b f ull setting.

Analysis

A standard deviation σ of 0 for the tasks completed means that throughout all
20 episodes, the teams do exactly the amount of tasks given by the mean x̄ each.
For Sample gridworld, this means the teams would equally share the amount of
tasks each team member completes except in the ATE-POMDP teams under the
b f ull setting. This shows that due to uncertainty, the robots take longer to infer the
human’s intention, leading to a longer thinking time and thus the human ends up
completing more tasks. A standard deviation σ of 0 for thinking time means that
the teammate used the same amount of time steps to think over all 20 episodes.

The average total times per episode for the different teams in Sample gridworld for
the random and arranged order are shown in Figure 4.4. The random order takes an
average of 18.91 time steps to complete an episode while the arranged order takes
an average of 20.18 to complete an episode. The average total times are given by the
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FIGURE 4.4: Sample gridworld total average time steps

Based on the results of the Sample gridworld, the best team for both the random and
arranged order is Distance as this team is the closest to the Human performance.
This shows that when objects are distinguishable due to being placed in equal
distances from one another and the human, the distance metric is sufficient to infer
the human’s intention and enable collaboration. This raises a question whether the
success of this team is due to the symmetrical nature of Sample gridworld. However,
based on the standard deviations σ for the total time, Distance is not significantly
better than either of the ATE-POMDP teams.

The average total times confirm that the addition of a teammate in the environment
benefits the completion of the tasks through collaboration. Due to the objects being
symmetrically located fixed distances from one another and the human, all robots’
thinking components have enough time to infer the human’s intention with minimal
difficulty as they are quite distinct in the Sample gridworld. Additionally, due to
the symmetrical nature of Sample gridworld itself, the acting time for all teammates
is the same as each team completes the same amount of work except under the
b f ull setting. While this environment does have objects spaced out equally, other
environments may not, and so updating the knowledge based on distance can lead
to incorrect inference (and collisions) in cases whereby the human is simply moving
past an object to get to another or objects are located closely to one another.

4.2.2 Alternative Gridworlds

The results of the Sample gridworld experiment show that objects being evenly
spaced from the human and other objects allows for sufficient time for the robots
to infer the human’s intention using the different thinking components. To deter-
mine the effect of different placements of objects, three more gridworlds of 5×5 size
are generated to be tested. The objects in the gridworlds were placed arbitrarily to
determine the effects of asymmetrical placement on the different teams. The grid-
worlds are referred to as 5×5A, 5×5B and 5×5C and are shown in Figure 4.5.
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FIGURE 4.5: Three alternative 5×5 gridworlds

Random Order

Tables 4.3 - 4.5 shows the results of the three 5×5 gridworlds with the random order
for collection of objects.

bpartial b f ull

Metric
Team None Human Random Distance ATE-POMDP (D) ATE-POMDP (S) ATE-POMDP (D) ATE-POMDP (S)

Human Human Human Human Robot Human Robot Human Robot Human Robot Human Robot Human Robot
Tasks

Completed
x̄ 4 2 2 2 2 2.25 1.75 2.6 1.40 2.15 1.85 2.65 1.35 2.25 1.75
σ 0 0 0 0 0 0.43 0.43 0.49 0.5 0.36 0.36 0.43 0.49 0.43 0.43

Thinking
Time

x̄ 4 2 2 2 3.7 2.25 5.75 2.6 7.05 2.15 6.9 2.75 7.6 2.25 7.25
σ 0 0 0 0 2.39 0.43 2.57 0.49 2.22 0.36 1.48 0.43 2.11 0.43 2.02

Acting
Time

x̄ 18.65 9.25 8.8 9.85 9.2 9.7 8.1 12 6.85 10.7 8.2 12.65 6 11.3 7.5
σ 2.5 2.28 2.27 1.85 2.38 2.19 2.4 1.37 2.33 1.52 2.46 1.96 2.35 2.43 2.81

Total
Time

x̄ 22.65 12.4 16.1 15.1 17.3 16.3 17.7 16.55
σ 2.5 2.18 4.33 3.25 1.79 1.42 1.79 1.8

Collisions
x̄

N/A N/A
2.9 0.7 0 0 0.3 0.3

σ 3.92 0.95 0 0 0.9 0.9

TABLE 4.3: Results for 5×5A gridworld with random order

bpartial b f ull

Metric
Team None Human Random Distance ATE-POMDP (D) ATE-POMDP (S) ATE-POMDP (D) ATE-POMDP (S)

Human Human Human Human Robot Human Robot Human Robot Human Robot Human Robot Human Robot
Tasks

Completed
x̄ 4 2 2 2 2 2 2 2.15 1.85 2.15 1.85 2.3 1.7 2.15 1.85
σ 0 0 0 0 0 0 0 0.36 0.36 0.36 0.36 0.46 0.46 0.36 0.36

Thinking
Time

x̄ 4 2 2 2 5.85 2 3.3 2.15 6 2.15 5.45 2.3 5.75 2.15 5.65
σ 0 0 0 0 5.51 0 1 0.36 0.84 0.36 0.74 0.46 0.99 0.36 0.85

Acting
Time

x̄ 16.95 7.6 7.45 7.55 7.45 7.75 8.2 8.55 6.65 8.3 6.1 8.55 6.25 8.3 6.1
σ 1.16 1.11 0.86 1.16 1.2 1.3 1.21 1.4 1.42 1.19 1.48 2.18 2.09 1.19 1.48

Total
Time

x̄ 20.95 10.15 15.45 11.85 14.45 12.45 14.65 12.65
σ 1.16 0.91 7.29 1.28 0.92 0.5 1.15 0.65

Collisions
x̄

N/A N/A
5.15 0.7 0 0 0 0

σ 7.33 0.71 0 0 0 0

TABLE 4.4: Results for 5×5B gridworld with random order

bpartial b f ull

Metric
Team None Human Random Distance ATE-POMDP (D) ATE-POMDP (S) ATE-POMDP (D) ATE-POMDP (S)

Human Human Human Human Robot Human Robot Human Robot Human Robot Human Robot Human Robot
Tasks

Completed
x̄ 4 2.15 1.85 2.1 1.9 2.45 1.55 2.55 1.45 2.6 1.4 2.5 1.5 2.75 1.25
σ 0 0.36 0.36 0.3 0.3 0.5 0.5 0.5 0.5 0.5 0.5 0.5 0.5 0.43 0.43

Thinking
Time

x̄ 4 2.15 1.85 2.1 3.34 2.45 3.6 2.55 7.55 2.6 4.95 2.5 9.6 2.75 5.6
σ 0 0.36 0.36 0.3 3.4 0.5 1.2 0.5 2.42 0.5 2.38 0.5 1.96 0.43 3.04

Acting
Time

x̄ 20.8 11.05 9.95 11.4 10.6 13.75 10.15 14.1 8.55 14.2 7.95 15.6 7.6 15.25 6.25
σ 2.79 1.86 1.88 2.35 2.18 2 2 2.41 1.86 2.52 1.8 2.4 2.6 2.23 3.43

Total
Time

x̄ 24.8 13.9 16.65 17.35 19.6 18 21.15 19
σ 2.79 1.84 4.71 2.03 1.83 1.55 1.68 2.05

Collisions
x̄

N/A N/A
2.05 0.4 0 0 0 0

σ 3.41 0.58 0 0 0 0

TABLE 4.5: Results for 5×5C gridworld with random order

As established prior, None takes the most time steps while Human takes the least
time steps in all three 5×5 gridworlds.
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Random manages to split the amount of tasks evenly in the 5×5A and 5×5B
gridworlds while also having the most number of collisions compared to all teams.
It performs the best in the 5×5C gridworld as this configuration is difficult for a
distance based method as objects C and D are located close together. Even though
5×5A gridworld has a similar placement with B and D located close together, the
stochastic nature of selecting the objects may have played a role in having it perform
worse than Distance.

Distance completes the 5×5A and 5×5B gridworlds the fastest compared to the
other teams (except Human) as these objects have placements that are distin-
guishable from one another. Particularly in the 5×5B gridworld, moving in any
cardinal direction would immediately give away the intention of the human. This is
indicated by the 11.85 total time steps, only 1.7 time steps more than Human. Due to
the human starting close to object C, the robot may perceive the human’s intention
to be that object even though the human may move to another. This results in a
small number of collisions.

ATE-POMDP (D) generally tends to complete episodes with an average time
step total more than any other team (except None) even with 0 task collisions in
the bpartial setting. This is due to its longer thinking time compared to the other
teams. The effectiveness of this team is shown to decrease based on the increased
uncertainty under the b f ull setting.

ATE-POMDP (S) performs better than ATE-POMDP (D) in all grids (under both
belief settings). The team generally performs slightly worse than Distance and Ran-
dom with no collisions except on the 5×5A gridworld under the b f ull setting, partic-
ularly due to the objects B and D being located close together.

Arranged Order

Tables 4.6 - 4.8 shows the results of the various teams where there exists an arranged
order that must be upheld during the completion of the tasks.

bpartial b f ull

Metric
Team None Human Random Distance ATE-POMDP (D) ATE-POMDP (D)

Human Human Human Human Robot Human Robot Human Robot Human Robot
Tasks

Completed
x̄ 4 2 2 2 2 2.55 1.45 2.55 1.45 2.65 1.35
σ 0 0 0 0 0 0.5 0.5 0.5 0.5 0.48 0.48

Thinking
Time

x̄ 4 2 2 2 7.75 2.55 6.95 2.55 6.85 2.65 6.9
σ 0 0 0 0 5.1 0.5 2.73 0.5 1.71 0.48 1.64

Acting
Time

x̄ 18.75 9.1 9.2 9.1 9.2 11.55 6.55 11.55 6.9 12.1 6.35
σ 2.47 2.17 2.2 2.17 2.2 1.83 2.06 1.86 2.49 1.61 2.2

Total
Time

x̄ 22.75 12.55 18.3 16.45 17 17.1
σ 2.47 1.99 5.21 2.82 1.79 1.54

Collisions
x̄

N/A N/A
5.75 1.3 0 0

σ 5.09 0.9 0 0

TABLE 4.6: Results for 5×5A gridworld with arranged order

None and Human behave as expected, taking the most and least amount of time
steps to complete an episode respectively.

Random performs the worst out of all the teams due to the arranged order to collect
objects. It also has the highest amount of collisions indicating it is ill-suited when an
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bpartial b f ull

Metric
Team None Human Random Distance ATE-POMDP (D) ATE-POMDP (D)

Human Human Human Human Robot Human Robot Human Robot Human Robot
Tasks

Completed
x̄ 4 2 2 2 2 2 2 2.1 1.9 2.25 1.75
σ 0 0 0 0 0 0 0 0.3 0.3 0.43 0.43

Thinking
Time

x̄ 4 2 2 2 8.75 2 6.95 2.1 5.85 2.25 6.2
σ 0 0 0 0 5.4 0 2.56 0.3 0.91 0.43 1.12

Acting
Time

x̄ 16.85 7.8 7.7 7.8 7.7 7.85 7.75 8.3 7.15 8.95 6.35
σ 1.01 1.21 1.27 1.21 1.27 1.19 1.22 1.42 1.42 1.66 1.9

Total
Time

x̄ 20.85 10.65 17.4 14.7 14.55 14.9
σ 1.01 0.96 5.48 1.9 1.07 1.18

Collisions
x̄

N/A N/A
6.75 2.1 0 0

σ 5.35 1.04 0 0

TABLE 4.7: Results for 5×5B gridworld with arranged order

bpartial b f ull

Metric
Team None Human Random Distance ATE-POMDP (D) ATE-POMDP (D)

Human Human Human Human Robot Human Robot Human Robot Human Robot
Tasks

Completed
x̄ 4 2.1 1.9 2.1 1.9 2.85 1.15 2.7 1.3 2.75 1.25
σ 0 0.3 0.3 0.3 0.3 0.36 0.36 0.46 0.46 0.43 0.43

Thinking
Time

x̄ 4 2.1 1.9 2.1 9.45 2.85 8.65 2.7 7.15 2.75 8.2
σ 0 0.3 0.3 0.3 5.18 0.36 5.5 0.46 1.98 0.43 1.86

Acting
Time

x̄ 20.8 11.3 11 11.3 11 15.05 7.15 14.2 7.9 14.55 7.65
σ 3.06 2 2.21 2 2.21 3.19 2.55 2.66 1.97 2.54 2

Total
Time

x̄ 24.8 14.5 22.05 20.25 19 19.6
σ 3.06 2.09 5.04 4.12 2.21 2.06

Collisions
x̄

N/A N/A
7.55 1.9 0 0

σ 5.57 1.64 0 0

TABLE 4.8: Results for 5×5C gridworld with arranged order

order needs to be upheld as it does not attempt to infer the human’s intention at all.

Distance performs the best only in the 5×5A gridworld although it does have a
small number of collisions. These collisions are a result of the close proximity of
objects to collect as the robot struggles to differentiate between them or when the
human is simply walking past an object with no intention of collecting it.

ATE-POMDP (D) performs the best in the 5×5B and 5×5C gridworld under the
bpartial setting. The b f ull setting increases the total time by a small amount (0.2
time steps in 5×5B and 0.6 time steps in 5×5C) making it take slightly longer than
Distance in the 5×5B gridworld.

Analysis

The three asymmetrical gridworlds show that all teams find it difficult to infer the
intention of the human and collaborate, failing to either split tasks evenly or having
an increase in the number of collisions. The ATE-POMDP teams need more thinking
time to infer intentions, causing them to not split the tasks between the human and
the robot evenly in all three gridworlds under both the random and arranged order
as given by the standard deviation σ greater than 0. Both ATE-POMDP (D) and
ATE-POMDP (S) have 0 collisions for all gridworlds in the random and arranged
order under both belief settings apart from a collision in 5×5A under the b f ull
setting for random order - the smallest compared to the other teams. None, Human
and Random still manage to evenly split the amount of tasks among their team
members in the 5×5A and 5×5B although Random does have the highest number
of collisions across all gridworlds in the both the random and arranged order.
Distance acts as a middle ground in that it splits the tasks between the human and
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robot better than both ATE-POMDP teams at a higher collision cost albeit lower
than Random. This is only for the random order as ATE-POMDP (D) does perform
generally better than Distance in the arranged order due to no collisions.

The average total times per episode for the different teams in the three 5×5
gridworlds for the random and arranged order are shown in Figures 4.6 - 4.8. The
random order takes an average of 16.75, 14.08 and 18.81 time steps to complete
an episode for 5×5A, 5×5B and 5×5C respectively. The arranged order takes an
average of 17.36, 15.51 and 20.03 time steps to complete an episode for 5×5A, 5×5B
and 5×5C respectively. The average total times are given by the red lines.
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FIGURE 4.6: The average total times for the 5×5A gridworld
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FIGURE 4.7: The average total times for the 5×5B gridworld

For ATE-POMDP (D), it is noted that as the level of uncertainty is higher (when
under the b f ull setting), more time is required to infer the intention, increasing the
thinking time and thus reducing the robot’s ability to effectively collaborate by
completing as many tasks as the human. The effects of the different belief distribu-
tions have a bigger effect on the ATE-POMDP (D) than they do on ATE-POMDP
(S). This is due to the fact that the more time spent on designing the ATE-POMDP
(S) allows it to have similar trajectories grouped with the same assisting action that
selects a task without requiring to be fully certain about the human’s intention.
ATE-POMDP (D) uses less total time than Distance in the arranged order setting of
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FIGURE 4.8: The average total times for the 5×5C gridworld

the three gridworlds.

As the objects to collect are no longer spaced equally around the grid, some task
intentions now have less time than others to be inferred meaning that the robots can
potentially run out of time to infer the current task before the human completes it
and moves onto another. This would cause the robot to need to spend even longer
inferring the new human intention, increasing the thinking time and leading to poor
collaboration overall as it would not be able to decide on a task to complete itself
and therefore share the workload. These tasks are however more realistic as tasks
generally are quite different from one another, varying in length and number of
actions required to complete them. This means that inference should be as fast as
possible to be able to detect these variable length task intentions in the shortest time
possible to enable collaboration.

4.2.3 Larger Gridworlds

The size of gridworlds was restricted to 5×5 and four objects for the previous two
experiments. This experiment uses gridworlds of sizes 6×6 and 7×7 with five and
six objects respectively. The gridworlds are shown in Figure 4.9.
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FIGURE 4.9: Gridworlds with increased size and object number
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Random Order

Tables 4.9 and 4.10 show the results of the 6×6 and 7×7 gridworlds respectively
with the random order for collection of objects.

bpartial b f ull

Metric
Team None Human Random Distance ATE-POMDP (D) ATE-POMDP (S) ATE-POMDP (D) ATE-POMDP (S)

Human Human Human Human Robot Human Robot Human Robot Human Robot Human Robot Human Robot
Tasks

Completed
x̄ 5 2.5 2.5 2.55 2.45 3 2 3.1 1.9 3.1 1.9 3.35 1.65 3.45 1.55
σ 0 0.5 0.5 0.5 0.5 0.67 0.4 0.3 0.3 0.3 0 0.48 0.48 0.5 0.5

Thinking
Time

x̄ 5 2.5 2.5 2.55 4.4 3.05 3.9 3.1 10.9 3.1 5.45 3.35 11.25 3.45 7.45
σ 0 0.5 0.5 0.5 2.78 0.67 0.99 0.3 2.75 0.3 0.86 0.48 2.32 0.5 0.8

Acting
Time

x̄ 24.35 12.45 12.55 13.15 12.95 14.55 12.65 16.1 8.7 15.3 12.95 17.2 7.7 16.0 9.75
σ 2.26 1.83 2.01 1.68 1.82 2.22 1.31 2.34 2.49 1.52 1.43 1.83 2.23 2.47 3.59

Total
Time

x̄ 29.35 16.45 19.9 18.9 22.15 19.5 22.8 21.0
σ 2.26 1.77 3.39 1.97 2.22 0.97 1.75 1.1

Collisions
x̄

N/A N/A
2.95 0.5 0.55 0 1.4 0

σ 3.15 0.59 1.53 0 2.71 0

TABLE 4.9: Results for 6×6 gridworld with random order

bpartial b f ull

Metric
Team None Human Random Distance ATE-POMDP (D) ATE-POMDP (S) ATE-POMDP (D) ATE-POMDP (S)

Human Human Human Human Robot Human Robot Human Robot Human Robot Human Robot Human Robot
Tasks

Completed
x̄ 6 3 3 2.95 3.05 3.6 2.4 3.45 2.55 3.35 2.55 3.95 2.2 3.55 2.2
σ 0 0.32 0.32 0.22 0.22 0.59 0.62 0.59 0.49 0.48 0.67 0.38 0.4 0.5 0.8

Thinking
Time

x̄ 6 3 3 2.95 7.1 3.95 9.2 3.45 9.9 3.35 7.45 3.95 12.6 3.55 7.65
σ 0 0.32 0.32 0.22 3.96 0.59 2.86 0.59 3.08 0.48 1.36 0.38 4.31 0.5 1.62

Acting
Time

x̄ 36.55 18.45 18.25 18.4 18.8 25.55 18.35 22.1 15.45 20.65 16.55 23.3 13.15 21.6 15.15
σ 5.25 2.36 3.06 2.78 2.46 4.7 3.61 3.62 3.53 1.93 3.89 3.72 2.35 2.08 4.19

Total
Time

x̄ 42.55 22.75 28.75 31.55 29.4 26.55 29.9 27.1
σ 5.25 2.77 5.9 4.81 3.18 2.25 3.43 2.12

Collisions
x̄

N/A N/A
6.85 0.6 0.3 0 0.9 0.1

σ 6.45 0.58 0.9 0 1.37 0.44

TABLE 4.10: Results for 7×7 gridworld with random order

None and Human remain the upper and lower bound in terms of average time
taken to complete an episode.

Random starts to feel the effects of the increased number of objects as it now has a
bigger selection of objects. This is seen as compared to the 5×5 gridworlds where
it generally beat the ATE-POMDP teams for the random order, it is now being
outperformed by the ATE-POMDP (S) under the bpartial setting for both the 6×6
and 7×7 gridworld. This means that as the number of objects increases, the number
of collisions increases and the effectiveness of Random decreases.

Distance continues to generally perform better than the other teams although
ATE-POMDP (S) does outperform it in the 7×7 gridworld. This can be attributed
to objects D, E and F being placed close to one another, making it difficult for the
robot to determine the true intention of the human when they approach one of these
objects in this gridworld.

ATE-POMDP (D) generally performs the worst out of all teams due to its thinking
time, made worse under the b f ull setting. However, it is noted that the effects of the
bpartial setting to the b f ull setting are minimal, increasing the total time by 0.65 and
0.5 for the 6×6 and 7×7 gridworld respectively.

ATE-POMDP (S) performs better than Random under the bpartial setting. This
shows that as the number of objects increases, the total time taken by this team
begins to beat Random with less collisions. The collisions occur in the b f ull setting
due to the added uncertainty.
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Arranged Order

Tables 4.11 - 4.12 shows the results of the various teams where there exists an
arranged order that must be upheld during the completion of the tasks.

bpartial b f ull

Metric
Team None Human Random Distance ATE-POMDP (D) ATE-POMDP (D)

Human Human Human Human Robot Human Robot Human Robot Human Robot
Tasks

Completed
x̄ 5 2.45 2.55 2.45 2.55 3 2 3 2 3.25 1.75
σ 0 0.5 0.5 0.5 0.5 0 0 0 0 0.43 0.43

Thinking
Time

x̄ 5 2.45 2.55 2.45 14.2 3 12.75 3 9.6 3.25 11.65
σ 0 0.5 0.5 0.5 8.36 0 3.66 0 2.69 0.43 2.57

Acting
Time

x̄ 26.15 12.95 12.5 12.95 12.5 15.35 9.3 15.4 9.25 16.95 7.45
σ 2.31 1.8 2.11 1.8 2.11 2.48 2.49 2.48 2.55 1.6 2.75

Total
Time

x̄ 31.15 16.7 28.35 24.05 21.3 22.9
σ 2.31 1.65 8.47 3.15 1.85 1.81

Collisions
x̄

N/A N/A
11.65 4.35 0 0.3

σ 8.3 1.46 0 0.9

TABLE 4.11: Results for 6×6 gridworld with arranged order

bpartial b f ull

Metric
Team None Human Random Distance ATE-POMDP (D) ATE-POMDP (D)

Human Human Human Human Robot Human Robot Human Robot Human Robot
Tasks

Completed
x̄ 6 3 3 3 3 4.2 1.8 3.45 2.55 3.85 2.15
σ 0 0.32 0.32 0.32 0.32 0.4 0.4 0.5 0.5 0.45 0.49

Thinking
Time

x̄ 6 3 3 3 15.35 4.2 13.65 3.45 9.05 3.7 11.4
σ 0 0.32 0.32 0.32 6.82 0.4 5.39 0.5 1.75 0.45 3.45

Acting
Time

x̄ 36.65 18.85 18.85 18.85 18.85 26.15 11.2 20.8 15.85 21.9 12.55
σ 4.87 2.63 3.11 2.63 3.12 2.82 3.41 3.54 3.32 3.22 3.38

Total
Time

x̄ 42.65 23.4 35.75 32.3 28.1 28.4
σ 4.87 2.71 7.75 3.46 3.34 3.95

Collisions
x̄

N/A N/A
12.35 1.95 0 0.25

σ 6.73 1.88 0 0.71

TABLE 4.12: Results for 7×7 gridworld with arranged order

None and Human remain the upper and lower bound in terms of average time
taken to complete an episode.

Random performs worse than every other team in each gridworld. This is attributed
to the fact that there is an arranged order to the collection of objects that needs to
be enforced. The increased number of objects leads to more collisions as they are
randomly selected until eventually finding the correct task that adheres to the order,
leading to a large thinking time.

Distance performs better than Random but worse than ATE-POMDP (D) under
both belief settings. The arranged order causes more collisions as the human is
moving past objects, and unlike the random order where even if the inference was
wrong, the correct object to collect could be selected, this case does not happen for
the arranged order.

ATE-POMDP (D) performs the best in both the 6×6 and 7×7 gridworlds compared
to all teams under both the bpartial and b f ull settings. The team performs well due
to the extra thinking time taken to infer with complete certainty the intention of the
human allowing the corresponding task that follows that order to be found. The
b f ull setting introduces collisions, although these are still less than the other teams.
The collisions come from the fact that the human acts first and selects the task before
the robot can due to the extra thinking time - something that didn’t happen in the
bpartial setting.
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Analysis

The average total times per episode for the different teams for the 6×6 and 7×7
gridworlds for the random and arranged order are shown in Figure 4.10. The
random order takes an average of 21.26 and 29.82 time steps to complete an episode
while the arranged order takes an average of 24.08 and 31.77 to complete an episode
for the 6×6 and 7×7 gridworlds respectively. The average total times are given by
the red lines.
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(C) 7×7 random order
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FIGURE 4.10: The average total times for the 6×6 and 7×7 gridworlds

The increased number of objects in the 6×6 and 7×7 gridworlds affect Random the
most as it now has a larger selection of objects to choose from. This leads to the
increased number of collisions. The effects of scaling the grids themselves affect
the ATE-POMDP models themselves as now there are more actions the human has
to do, leading to more states in the model and thus making the mode larger and
harder to solve. Random should be avoided if there is an arranged order that exists
between tasks, as while it does help complete the episode on average faster than
None, it is not a significant time decrease. As the number of tasks increase, Random
can begin to perform worse than None making it ill-suited for collaboration.

Collisions in the ATE-POMDP models come from the fact that the simulation runs
sequentially with the human teammate always acting first, having completed their
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task and selecting their next task that robot would have chosen after inferring the
human’s previous intention in the same time step. Collisions increase in the b f ull
setting as the robot spends more time thinking and so infers intentions slower.

4.3 Discussion

The results show that while the ATE-POMDP models can provide performance
close to or exceeding the teams of None, Random and Distance in the simple
gridworld environments with random order between tasks, none of the teams
approach the total time taken by Human. However, taking into account the collision
metric that has the most influence on the total time taken to complete an episode,
a clear winning team can be found in terms of using the shortest amount of time
to assist in completing all tasks in the gridworlds. The time cost of a collision was
set to 1 time step for the purpose of simulation. This collision time cost is difficult
to quantify as tasks can have variable time costs depending on the actions that are
executed as they can hinder instead of assist collaboration. By setting the time cost
collision to 1, the robot was assumed to unrealistically receive immediate feedback
from the human in the form of a warning when a collision occurred as the human
would always need to be observing the robot to be able to issue warnings so quickly
if it was acting incorrectly.

Consider the case in the real world whereby the human has completed the coffee
making task, set down their mug on the kitchen counter and moved away to
complete a different task. The robot incorrectly selects the coffee making task as its
next task and moves to the mug so that it can be picked and moved to the sink to
wash so that it can be used in the coffee making task (that is already complete). The
human teammate, seeing this, issues a warning and so the robot would simply put
it down and attempt to select a new task to complete. This is an example of a minor
time cost. The robot could have potentially moved towards the sink and only then
received a warning from the human so it would need to move back to the kitchen
counter and set the coffee down. This could be considered a minor to moderate time
cost. In the case that the robot moved to the sink and threw out the coffee before
washing the mug to use it in the coffee making task, a warning would be too late to
prevent the robot from having created a mistake that now takes multiple time steps
to rectify - the coffee making task must now be re-completed.

Based on the above example, the value of the time step cost changes the effectiveness
of teams in the different gridworlds. The total time is calculated as:

total time = (completion time) + (c ∗ collisions) (4.1)

Where c is a constant chosen to represent the time cost of a collision. Equation (4.1)
is a function in c and varying the value of c shows that the average total time per
episode increases based on the number of collisions as more collisions mean greater
time costs. Figures 4.11 - 4.16 show the increasing time per episode when the value
of c is varied from 0 - 10 for each gridworld experiment.

In Figures 4.11 - 4.16, the lower and upper bound are given by Human and None
respectively in terms of shortest and longest times to complete an episode. Any
team exceeding the lower bound means that it is performing better than the team of
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FIGURE 4.11: Sample gridworld total times with varying collision cost
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FIGURE 4.12: 5×5A gridworld total times with varying collision cost
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FIGURE 4.13: 5×5B gridworld total times with varying collision cost

two humans while teams above the upper bound are worse than a single human in
performance.
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FIGURE 4.14: 5×5C gridworld total times with varying collision cost
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FIGURE 4.15: 6×6 gridworld total times with varying collision cost
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FIGURE 4.16: 7×7 gridworld total times with varying collision cost

In an unrealistic setting where time costs for collisions do not exist (c has a value of
0), the robot randomly selecting the next task to complete is good enough to achieve
the performance of two humans working in collaboration even with a large number
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of collisions. However, increasing the value of c increases the average total time by
several magnitudes, indicating that Random should not be used as an approach to
enable collaboration of a robot with a human. Inferring the intentions of the human
remains the best method to enable collaboration and reduce collisions.

In the Sample gridworld, Distance outperforms all teams, only matched by the
ATE-POMDP (S) under the bpartial setting when the collision time cost is about 8.5.
The reason that it performs so well in this environment is because of its symmetrical
nature - all objects to collect are fixed distances from one another and the human.
As the human moves towards objects, it is very easy for a distance metric to find the
true intention of the human for a task - it is the object whereby the distance to the
human is shortening over time steps. Once objects are placed in variable locations
(such as in the Alternative and Larger gridworlds) and the gridworld symmetry
is broken, Distance has a number of collisions, especially in the arranged order
setting whereby there is an order for the tasks to be completed in. Once the time
cost c is above the range of 7.5 time steps for gridworlds with random order and
above the range of 1.5 times steps for gridworlds with arranged order, Distance is
outperformed by both ATE-POMDP (D) and ATE-POMDP (S).

The attempts of the ATE-POMDP (D) to infer the intention with complete certainty
(probability distribution of 1 for a single state) is proven to be more effective for
the gridworlds with arranged order. Once the intention of the human is correctly
inferred, selecting the corresponding task to follow the order is a matter of changing
the reward function - allowing actions that follow the order to give more reward
whereas actions that deviate from the order penalise the agent. Even in the random
order gridworlds (no order between tasks), ATE-POMDP (D) performs similarly
to other teams and beating them as the collision time cost increases. ATE-POMDP
(S) is particularly suited for gridworlds where the completion of tasks can be in any
order (random order), outperforming ATE-POMDP (D) in these gridworlds. This
is at the cost of spending more time during its offline phase in the design to ensure
that the correct combinations of tasks have been considered.

The results of the gridworlds in Tables 4.9, 4.10, 4.11 and 4.12 show that as the
grids begin to increase in size and objects, Random begins to perform worse in
terms of an increasing number of collisions while Distance continues to perform
well enough that it does assist in completing tasks through collaboration at the
cost of some collisions. The ATE-POMDP (D) scales better with these changing
features with less than 1 collision on average in the gridworlds with arranged order
under the b f ull setting and no collisions under the bpartial setting. The ATE-POMDP
(S) scales better in the gridworlds with random order under both belief settings
compared to the ATE-POMDP (D). This means that both ATE-POMDP models are
much more robust as the gridworlds scale.

The more time steps taken to infer the human’s intention lowers the division of work
between the human and the robot for ATE-POMDP (D) and ATE-POMDP (S) with
the human completing more work. This is shown by the number of tasks completed
by the robot teammate compared to the human teammate under the bpartial setting
compared to the b f ull setting. This is due to the initial level of uncertainty - a belief
distribution over all states (b f ull) takes more observations to reduce the uncertainty
compared to a belief distribution over a subset of states (bpartial). The more time
spent reducing uncertainty, the more time taken by the robot for its thinking time,
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the less work it does and so the human has to do more work. This means that there
should be as much effort as possible in reducing the initial belief distribution as
this allows the ATE-POMDP models to have a better chance at inferring the true
intention quicker and thus enable collaboration faster allowing it to do more work.

While the ATE-POMDP (S) model can be used when the tasks can be completed
in any random order, the automation in choosing the next ATE-POMDP (S) model
based on the approximation of the large ATE-POMDP as described in section 3.5.1
cannot be achieved by the models themselves. This is due to the fact that the
models use assisting actions instead of indicating actions - the task it completes
is based on the assisting action that does not give any indication of what the
human’s new perspective is. In the case of the ATE-POMDP (D), the indicating
action that specifies the human’s current task can be used to choose the next correct
ATE-POMDP (D) perspective model. Before the ATE-POMDP (S) can be used in
a real setting, this automation (that is choosing the next correct model based on
the human’s perspective) needs to be solved as it cannot be achieved based on the
agent’s own actions (unlike in the case of the ATE-POMDP (D)).

The ATE-POMDP (D) can fail to detect the human’s change in perspective due to the
location of objects in the grid if they are located near one another. For example in the
7×7 gridworld in Figure 4.9, if the indicated intention of the human was for task A,
and the robot chose a task, the robot would choose the next ATE-POMDP (D) based
on the A perspective as it expects the human to now be following some trajectory
from this location. However, if the human selected task B as its next task, it could
complete it before the robot is using its thinking component to infer the intention of
the human again (it is still completing the chosen task using the acting component).
As a result, when the ATE-POMDP (D) is chosen, it is using A’s perspective when
it should be using B’s perspective. While this does not affect the ability of an
ATE-POMDP (D) to infer the intention, it does affect the automation of the entire
robot as it cannot initialise the correct model. Instead of using the approximation
of the large ATE-POMDP model using multiple smaller ATE-POMDPs, using the
large model would solve this issue as all perspectives are valid at the same time at
the cost of more computational requirements.

Another criticism is that the ATE-POMDP model requires the action trajectories
of the human or actor whose intention is being inferred, so that they can be used
to design and implement the model. This amounts to having an ATE-POMDP
curated offline for each person it will collaborate with and this could be tedious and
impractical depending on the number of action trajectories this person could have.
This could be achieved in realistic settings as a calibration step of sorts - where the
human shows the robot the different actions of a trajectories to be aware of them.
Alternatively the robot could passively observe the human in the environment for
a period of time, approximating the human’s action trajectories and attempt to
construct the ATE-POMDPs internally and without human intervention. This is left
as a future recommendation.

Interestingly it is shown that the ATE-POMDP models can work based on actions
alone (without the need for more observations such as location or tools), simplifying
the amount of information that must be encapsulated by the models. However it
remains important that action trajectories need to be sufficiently distinct from one
another at some points to distinguish them which is not always the case. Splitting
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the models based on perspectives allows the same starting location and its tasks
to be stored together - similar to having separate ATE-POMDP models for kitchen
tasks, lounge tasks or outdoor tasks. In the case that only actions are not enough
to distinguish between action trajectories, the observation set could be changed to
include not only actions but locations as well at the cost of scaling the ATE-POMDP
model.

4.4 Conclusion

This chapter presented the experiments conducted in this research to evaluate the ef-
fectiveness of ATE-POMDPs in inferring human’s intentions to enable collaboration.
The simulations use simulated humans whose actions are found using Q-learning.
Five metrics are collected and averaged over 20 episodes. These include the num-
ber of tasks completed, the thinking time, the acting time, the total time and the
number of collisions. There are six teams tested in total: None (a single human),
Human (two human teammates), Random (a human and robot that randomly se-
lects tasks to complete), Distance (a human and a robot that uses object distance
to infer the human’s intention), ATE-POMDP (D) (a human and a robot that uses
the dynamic version of the ATE-POMDP to infer the human’s intention) and ATE-
POMDP (S) (a human and a robot that uses the static version of ATE-POMDP to
infer the human’s intention for not completing a task). These teams are tested in the
Sample gridworld, Alternative gridworlds (three 5×5 grids) and Larger gridworlds
( 6×6 and 7×7 grids). Each of these gridworlds are tested with a random order (ob-
jects can be collected in any order) and an arranged order (objects must be collected
according to a defined order). The teams that use the ATE-POMDP models consis-
tently have a low number of collisions and scale better than the other teams when
the grid size and number of objects are increased. If the time cost of collisions are
increased beyond the simulation value of 1 time step, then using an ATE-POMDP
for intention inference to enable collaboration is the best choice compared to all the
other teams.
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Chapter 5

Literature Review

A core focus in the development of robots is to benefit humans in some form - com-
pleting a complex task that would take a human too long to complete themselves
or improving the quantity or quality of the output. The survey done by Edwards
(1984) shows how robots were utilised in industry for mainly factory related tasks
such as spot and arc welding, injection moulding and surface treatment in the
1980s, with a steady growth of more robots being added to the workforce with
each successive year. The works of Gates (2007) and Dario et al. (2001) describe
and review methods that will move robots from factory production settings into
different domains such as personal assistants.

The survey done by Ray et al. (2008) evaluates the feelings of people with regards
to robots, showing that participants like the idea of robots that are responsible
for menial tasks such as cleaning while not wanting robots that are responsible
for social activities such as playing with children, keeping someone company or
entertaining people. This general idea is also repeated by the survey of Dautenhahn
et al. (2005) where participants are open to robots that can be assistants or servants
but not friends. This means that robots that can assist a person in their everyday life
are very desirable.

These surveys all share the same general idea that with continued advancements
in technology, robots will slowly move away from factory settings where they are
used for a small number of specific tasks into more complex domains. They will
be able to function near or above human performance in those domains, solving
problems and completing tasks that will alleviate the difficulty of humans’ own
lives by taking over the most difficult tasks or tasks that cannot even be attempted
by humans.

In the setting of providing assistance to humans in their everyday lives, a model
of the humans is required so that they can be understood by the robot and it can
provide the optimal responses based on this model. The survey done by Albrecht
and Stone (2018) examines different methods utilised by agents to model other
agents and identifies seven main agent modelling methods with the work in this
dissertation falling into the category known as Plan Recognition. Plan recognition is
concerned with identifying or inferring the goals or plans of another agent based
on their observed actions [Carberry (2001)]. By knowing the intended goal of the
agent being modelled, an appropriate response to either assist or hinder depending
on the goal of the agent doing the modelling can be selected.

Plan recognition methods utilise a plan library that details all the plans or goals of
the modelled agent, with these being represented by actions (or states) that can
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be observed [Albrecht and Stone (2018)]. These can be tedious to fully implement
and may even be incomplete, causing the selection of actions by the agent to be
difficult if the modelled agent utilises an unknown plan. Additionally, if the agent
is complex in nature, its plans can also scale to be a complex combination of actions
and states that may be difficult to encode in a library or increase the library’s size
to an unusable scale. This plan library is similar to the action trajectories that the
ATE-POMDP model encapsulates in its design.

An early example of Plan Recognition was the work done by Nguyen et al. (2012) that
aimed to create a non-playable character that can assist players in a collaborative
game. The game consisted of three fleeing ghosts that must be cornered and
destroyed by the player with help from their dog companion. The overall task
is decomposed into smaller sub-tasks each consisting of one of the ghosts, the
player and the dog, modelled as Markov Decision Processes (MDPs) and solved to
determine the optimal joint action of the dog and human per sub-task. The intended
ghost (and thus the current sub-task MDP) of the player is determined using a
finite state machine and Bayesian belief update whereby the finite state machine
allows switching between ghosts without the need for the player to first completely
capture it.

The main difference is the type of collaboration being considered - their work
considers collaboration on a sub-task that requires joint actions for its completion
while the work of this dissertation considers collaboration on tasks that can be
completed independently, requiring no assistance on the task itself. Their system
comprised of a finite state machine with a Bayesian belief update that achieved
similar functionality to a Partially Observable Markov Decision Process (POMDP).
Their system allows switching between ghosts being captured and is possible due
to having the optimal behaviour of the dog and human for the entire state space,
with a notable concern being that larger state spaces could be intractable. While
the work in this dissertation did not consider humans that could switch between
tasks before completing them - it can be extended to achieve this as deviating
from an action trajectory is a trajectory itself - adding this new deviated trajectory
into the ATE-POMDP model allows it to deal with humans that switch between
tasks. Additionally, with the approximation of a large ATE-POMDP by smaller
ATE-POMDP models, scaling is better for different gridworlds as there is no need
for solving the entire state space to obtain optimal behaviour as the robot (using the
ATE-POMDP) aims to function independently to the human.

The work done by Karami et al. (2009) also aims to tackle plan recognition using a
POMDP. The chosen environment consists of a gridworld with an object clearing
task whereby the human and robot need to store three objects away in a box with a
commitment to ensuring that the robot does not hinder the human’s intention for a
task with conflicting actions. The state space is decomposed into different sub-tasks
depending on the intention of the human towards one of the three objects. The
focus of the work lies in being able to compute a policy using different methods that
can adapt fast enough to the environment changes, notably the human’s intention
with respect to the objects they seek to collect and put away. The number of objects
is limited to three and the computed policy is tested with a human with random
behaviour (the worst case scenario) and closest objects first behaviour although
only results of the former are given. Their motivation for using a POMDP is that
every time the human is done with a sub-task, the robot can obtain a clearer belief
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about the human’s intentions by updating its belief.

Their work only ever considers the three objects to put away along with increasing
grid sizes and its effects on different POMDP solvers while the work of this
dissertation considers not only increased grid sizes but also an increased number of
objects and manages to deal with both. In their concluding remarks, they mention
for future work that should they solve missions with bigger sub-tasks (specifically
more objects), the agent would maintain a belief over the possible chain of tasks of
the human. This chaining of tasks is the different combinations of tasks that the
ATE-POMDP (D) can infer.

Other noteworthy POMDP related work for Human-Robot collaboration (HRC) is
that of Gopalan and Tellex (2015) where the aim is to model HRC as a joint POMDP
where there is a common goal and turn taking between the robot and human. While
this is shown to be a possible method to achieve HRC, it is not a natural form of
collaboration as either the human or robot effectively “block” one another due to
their turn taking in the model. The work of this dissertation aims to have both the
human and robot as their own separate entities that can function independently of
one another - neither blocks the other, although there is a dependence in that the
ATE-POMDP must be initialised at the correct time so that it can function based on
the observations that come from the human.

The work of Karami et al. (2010) aims to use a POMDP along with a new belief
space that will determine the human’s current intention based on the observed
actions. The results show that in a real world situation, the robot can determine the
true intention of the human (from two possible intentions) and respond. Their work
does not motivate why the standard belief utilised by the POMDP model cannot
be used instead of including this new belief space. The work of this dissertation
encapsulates all the required belief updates using the standard belief of the POMDP
model thus requiring no extra belief spaces or computations.

The work of Görür et al. (2018) aims to evaluate the effects of anticipation on
human-robot collaboration by accounting for unexpected human behaviours:
actions taken by the human potentially being irrelevant to the goal and the human
potentially rejecting the robot’s assistance. The selected environment is a conveyor
belt whereby boxes need to be picked up and stored in containers by either the
human or robot if the human is unable to. Two robot models, reactive (modelled
as an MDP) and proactive (modelled as a POMDP), are evaluated with variable
humans (modelled as MDPs). The proactive robot can anticipate the human’s
behaviour and plan its own actions accordingly while the reactive robot only acts
once certain perceivable conditions are met. The results indicate that the proactive
robot is more efficient in collaborating on the task as it decreases the task duration,
increases the success rate and is less intrusive to the human’s work, each of these
being desired in human-robot collaboration. The work in this dissertation considers
anticipation in situations whereby there exists an order for the completion of tasks.
Inferring the intention of the human towards a task allows the robot to anticipate
the next task that upholds the order and to select it for completion. Additionally
the collaboration considered in this dissertation allowed tasks to be completed
concurrently.
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The beneficial effects of anticipatory action in human robot teamwork settings are
further reinforced in the work of Hoffman and Breazeal (2007). The simulated
robot worked with humans on a collaborative cart assembly task whereby humans
delivered materials and the robot would use the correct tools with the materials to
build the cart. Both a reactive and anticipatory robot were tested with the latter
showing that it decreased the construction time as it pre-emptively selected tools
based on the materials the human was delivering. The work of Huang and Mutlu
(2016) also tested anticipation in HRC and provided similar results - decreased
task time based on humans selecting fruits for a smoothie with the robot inferring
the desired fruits using eye gaze. Anticipation can only be achieved through first
inferring the human’s intention.

The completion of everyday tasks requires a number of different skills and actions.
Finding these using reinforcement learning algorithms may be intractable due to
the curse of dimensionality - the larger the problem domain (that is the more states
and actions), the more time these algorithms would take to find a solution, if ever
[Hengst (2012)]. Hierarchical reinforcement learning (HRL) breaks difficult tasks
down into a smaller set of tasks that can be solved and their solutions combined
to obtain the solution to the overall difficult task. This means that HRL agents
learn not only the primitive actions to solve a problem (like normal RL) but also
subroutines - a collection of actions to solve a particular problem [Botvinick (2012)].

HRL works by the idea of abstraction - instead of the agent considering all possible
states and actions at the same time, focus on the subset that is important to the cur-
rent task to be solved [Barto and Mahadevan (2003)]. For example, in a gridworld
with designated areas for two separate tasks, first solve the smaller problem of
manoeuvring around the gridworld to those designated areas, then solve those two
separate tasks by learning the required actions to complete them. After this is done,
the manoeuvring can be combined with the actions needed for either task to obtain
a behaviour to complete those specific tasks.

Another method of learning the skills required to solve complex tasks is through the
use of inverse reinforcement learning (IRL). IRL aims to retrieve the reward function
of a MDP having observed the optimal behaviour such that the reward function can
explain the behaviour [Ng, Russell, et al. (2000)]. This is a more natural method of
learning to solve a task as the robot can simply observe the human and their actions,
apply IRL and obtain a reward function that the robot can then use to try and learn
the necessary actions for the task itself. The work done by Ranchod et al. (2015)
uses IRL for skill discovery by segmenting action trajectories into multiple reward
functions to model the multiple skills contained in an action trajectory. This method
allows learning the multiple behaviours needed to complete a task, as most tasks in
the real world require a number of skills.

The literature reviewed showed that there is a focus on moving robots from spe-
cific domains into more general settings such that they can perform on the level of
humans. While techniques like hierarchical reinforcement learning and inverse rein-
forcement learning can be used to learn the necessary actions to solve complex tasks
or to learn from human demonstrations respectively, the robots require models of
humans to be able to infer their intention so that they can collaborate with them.
Partially Observable Markov Decision Processes are one possible approach that can
be used to model and infer the intentions of humans to enable collaboration.
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Conclusion

This chapter concludes the dissertation. Section 6.1 summarises the entire disserta-
tion while section 6.2 provides future prospects for this research.

6.1 Conclusion

The phrase “two heads are better than one” is a common statement that is used to
highlight that working collaboratively can decrease the overall time spent on a task.
To achieve this collaboration, inferring a teammate’s intention is required, especially
if no explicit communication such as speech exists. This can easily be achieved by
humans due to their Theory of Mind, the ability to reason about others’ behaviours
prior to responding, but is significantly harder for robots to achieve.

The main challenge in inferring the intention of a human towards a task is that
many tasks can exist in any environment with these tasks sharing similar actions -
observing only the actions can initially indicate multiple intentions. Thus, can the
actions a human is performing be used to infer their intention? If the intention of
the human is found, how can collaboration be enabled with that human?

These two questions are answered by the Action Trajectory Encapsulated Partially
Observable Markov Decision Process (ATE-POMDP), the reinforcement learning
framework that models and infer the human’s intentions. By encapsulating all the
action trajectories for tasks the human could be completing, the human’s intention
can be found and indicated by the agent after observing enough of the human’s
actions. With the knowledge of the human’s intention for a task, collaboration is
achieved by simply selecting another task for the robot to complete. This aids the
human by lowering the overall work they would have to do in an environment.

Three simulation experiments are run to test collaboration through intention infer-
ence using gridworlds of varying sizes, objects and object placements. These are
run under two settings: random and arranged order for the collection of objects. Six
teams are tested in total: None (a single human), Human (two human teammates),
Random (a human and robot that randomly selects tasks to complete), Distance (a
human and a robot that uses distance to infer the human’s intention), ATE-POMDP
(D) (a human and a robot that uses the dynamic version of the ATE-POMDP to infer
the human’s intention for completing a task) and ATE-POMDP (S) (a human and a
robot that uses the static version of ATE-POMDP to infer the human’s intention for
not completing a task).

The results recorded in the tables in section 4.2 show the ATE-POMDP teams
completing the gridworlds with total times slightly longer than the other teams
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in the random order setting and generally being the fastest or close to the fastest
for the gridworlds with arranged order setting. However, the Figures 4.11 - 4.16
show the effects of increasing the collision time cost from a value of 1 - the value
used in the experiments. This value was chosen for the sake of simulation but is
unrealistic as it is difficult to quantify the exact time cost of a mistake or collision in
the real world. Collisions could cause damage or distract the human such that the
entire collaboration effort might be halted to deal with the effects of the collision.
The figures show that as the collision time cost increases, the ATE-POMDP teams
complete the episodes with the fastest average total time compared to the other
teams. This means that if a holistic view was taken in terms of performance based
on the total time and the collisions, then ATE-POMDPs outperform the other teams
and should be chosen for collaboration through intention inference over the other
approaches.

6.2 Future Recommendations

There is a need for solvers that can deal with much larger POMDP models and
hence larger ATE-POMDP models without approximating them using multiple
smaller ATE-POMDPs. This could be achieved through the use of neural networks
to approximate the value function as opposed to having exact solvers calculate the
value function. Having larger ATE-POMDP models allows for larger gridworld
sizes with increased number of objects to be tested. Furthermore, the acting
component should be designed and implemented using hierarchical reinforcement
learning or inverse reinforcement learning to find the necessary actions to complete
tasks.

Another potential avenue to take this work is to apply ATE-POMDPs to environ-
ments that have two or more humans to collaborate with. The humans can share
a number of tasks and completing those specific tasks would aid both of those
humans in completing all their respective tasks. The difficulty comes from being
able to infer the intention of two (or more) humans at the same time or deciding on
the human whose intention should be inferred first.

The last but most interesting avenue to take this work is in creating ATE-POMDP
models for real-world settings. The real-world actions performed by humans to
complete tasks do not fall into discrete, equal time steps as they do in a simulation.
For example, the action of walking could range from one to five minutes but based
on the walking speed, the end location could potentially be the same. This means
that even though the trajectories are different, the intention (to reach somewhere)
remains the same. This requires trajectories to be learned from real world data indi-
cating a need for cameras and computer vision technology. Real-world trajectories
will be much longer than simulated ones which leads back into needing more pow-
erful solvers that can deal with larger POMDP models.
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Appendix A

Sample Gridworld ATE-POMDP

Bs B1 B2 B3 B4 B5

As A1 A2 A3 A4 A5

Left Left Up Up Collect

Right Up UpRight Collect

Cs C1 C2 C3 C4 C5

Left Left DownDown Collect

Ds D1 D2 D3 D4 D5

Right Down RightDown Collect

X

Human_A

Wait

Human_B Human_C Human_D

Human_A

Human_A

Human_A

Human_B

Human_B

Human_B

Human_C

Human_C

Human_D

Human_D

Human_D

Human_C

Wait Wait Wait Wait Wait

Wait Wait Wait Wait Wait Wait

Wait Wait Wait Wait Wait Wait

Wait Wait Wait Wait Wait Wait

State Transition (negative reward)

State Transition (positive reward)

Observation Received

State

Action

Key

FIGURE A.1: Full ATE-POMDP for the Sample gridworld
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Multiple Starting Locations

The reasoning for splitting the ATE-POMDPs based on the human’s perspectives
to reduce uncertainty and model scale is illustrated in this section. The separation
of the ATE-POMDP into multiple models allows solutions to these models to be
found much more easily as the models are smaller compared to solving one large
ATE-POMDP. Action trajectories from the same starting location can be grouped
together to reduce overall uncertainty.

The Two-Starts gridworld shown in Figure B.1 illustrates an environment whereby
the human has two potential starting locations, H1 and H2 (both given by the colour
blue). Figures B.2 and Figure B.3 show the resulting action trajectories based on the
starting location of the human (obtained by Q-learning).

A B

DC H2

H1

FIGURE B.1: Two-Starts
gridworld

FIGURE B.2: H1 action
trajectories

FIGURE B.3: H2 action
trajectories

From the 8 total action trajectories shown by Figures B.2 and B.3, there exist only
4 that are distinct enough to be assigned to one particular intention based on the
starting location in the ATE-POMDP model. These 4 trajectories are H1-C, H1-D,
H2-A and H2-B. Regardless of the true starting location (H1 or H2), the human’s
intention towards these tasks can be detected correctly as they are unique compared
to one another and the four remaining trajectories.

The other 4 action trajectories form pairs whereby the actions overlap exactly
making distinguishing one trajectory from the other impossible. The first pair
[H1-A,H2-C] has the action trajectory of left, left, collect while the second pair
[H1-B,H2-D] has the action trajectory right, right, collect. Due to the nature
of POMDPs, mapping a single action to a belief distribution, the same indicating
action will be used for both intentions resulting in one correct and one incorrect
intention inferred.
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This means that for the Two-Starts gridworld, from the 8 possible human intentions,
at most only 6 will ever be indicated correctly by the ATE-POMDP. The easiest
solution to this problem is to create a model for each perspective, with a perspective
referring to a starting location and how the goals are collected by the human from
this location. That means that there would be two separate ATE-POMDP models,
one for Figure B.2 and one for Figure B.3. Knowing when to use one model over
another can by determined through trial-and-error using the reward function.
One model is initialised to collaborate with the human and based on the received
rewards it can be determined whether this is the right model as negative rewards
mean it is the incorrect model while positive rewards mean it is the correct model.
As the models will contain all the trajectories for a specific starting location, the
scale of the model and the complexity of finding an optimal policy can be reduced
as all action trajectories are not stored in one model.

To have only a single large ATE-POMDP model that would encapsulate all 8 tra-
jectories, there needs to be some other identifying information in the observations
to distinguish action trajectories that are identical. This could take the form of hav-
ing the observation set of the ATE-POMDP not only use actions but locations as
well. While this is a possible approach to only having a single model, the com-
putational complexity begins increasing as the number of observations increases as
well. An observation function based on the action set A of the human results in |A|
observations while a large ATE-POMDP model that includes the action set A and
states space S results in |A| * |S| observations. As the state space S is generally
much larger than the action set A, this would drastically scale the observation set Z
and make solving the POMDP significantly harder if not intractable. The multiple
ATE-POMDP models allow the computational complexity to be manageable so that
solutions can be found and the model will not scale to intractability.
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