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Human-Agent Teaming with Implicit Guidance

by Ryo Nakahashi

In the AI research history, the development of autonomous agents which can col-
laborate naturally with humans is one of the ultimate goals and has been a sig-
nificant issue. Although there are many types of collaboration with humans and
autonomous agents, we focused on one of the in which humans and autonomous
agents collaborate to achieve one task. We call the collaboration as “Human-Agent
Teaming”.

The most straightforward approach for Human-Agent Teaming is that agents con-
centrate on supporting humans. In this approach, agents infer human’s goals or
intentions and take action that preferable action to make humans archive their
goal. However, these agents cannot modify the human’s plan, which means the
ultimate success or failure of the collaborative task depends on the human’s abil-
ity to plan. In other words, if the human sets the wrong plan, the performance
will suffer. Furthermore, humans generally have bounded rationality from their
cognitive and computational limitations; thus, it is difficult to make optimal plans
and excepts efficiently easy tasks. From this, the performance of such an agent
can be limited.

The solution is this problem is that agents who do not have cognitive and compu-
tational limitations make optimal plans and guide human behavior to follow the
plans. A most naive approach is that the agent explicitly guides the action to
humans. However, if agents abuse such explicit guidance, humans may lose their
autonomy which is humans’ sense of control regarding their decision-making in
achieving the task. As a result, humans may think that the agent is controlling
them. Such an impression makes the Human-Agent Teaming is undesirable.
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Thus, agents should guide humans while enabling them to maintain autonomy. We
focus on “Implicit Guidance” offered through behavior. The agent will expect the
human to infer its intentions and discard any plans that do not match what they
infer the agent is planning. Under this expectation, the agent acts in a way that
makes it easy for the human to find the best (or at least better) plan for optimum
performance on a collaborative task. Implicit guidance of this nature should help
humans maintain autonomy since the discarding of plans is a proactive action.

This dissertation proposes the methodology for autonomous agents who can use
implicit guidance for Human-Agent Teaming and contains three studies.

The first study is the basic framework to implement collaborative agents based
on implicit guidance and show the advantage of the agent. This framework ex-
tends the existing planning by implementing the ability to consider the Theory of
Mind function to agents. Theory of Mind is human’s cognitive function to infer
others goals or intentions from others behavior. Considering this function, agents
can control human inference for the agent intention to guide better plans. We
conducted a participant experiment in which we asked the participants to achieve
the simple synthetic task collaborating with several kinds of autonomous agents,
including the agent with implicit guidance. We confirmed that the agent with
implicit guidance realizes that balancing the performance of the task and keeping
human autonomy.

The second and third studies extend the framework for more realistic problems.
The second study introduces the “Plan Predictable Bias” into the existing Theory
of Mind modeling. That is a kind of “Bounding rationality” of human cognition
and the bias that humans tend to infer others’ intentions to make easy for their
inference. We conducted a participant experiment in which we asked the partici-
pants to infer agents’ intentions from their behavior in the complex synthetic task.
We confirmed that the Theory of Mind model with Plan Predictable Bias matches
human cognition better than the existing Theory of Mind.

The third studies extend the planning algorithm for the more realistic situation
that the human has specific information about the rewards, which is unknown by
the agent. In this case, the agent can not make the best plan at first. Thus the
agent has to infer the specific information for the human from the behavior of
humans. We implement our implicit guidance idea to the existing collaborative
planning algorithm, which expects the humans to show their intention and infer
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it. We conducted a participant experiment to evaluate the advantage of extended
agents for implicit guidance. We conducted a participant experiment in which
we asked the participants to achieve the complex task collaborating with several
kinds of autonomous agents, including our extended agent. We confirmed that
our framework with our extended agents improved the performance to achieve the
collaborative task.

Despite several limitations, this dissertation contributes to making a more pros-
perous and natural relationship between humans and artificial intelligence.
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Chapter

1
Introduction

This chapter gives an overview and composition of this dissertation. Section 1.1 is
the overview. Section 1.2 is a brief list of the studies in the dissertation. Section
1.3 gives the structure of the dissertation.

1.1 Introduction

When humans try to work on tasks too complex and challenging to achieve by
themselves, they collaborate with others. By doing so, they can achieve more
complex tasks efficiently. Achieving tasks with others through collaboration is one
ability that characterizes humans as social animals.

In past years, the role of machines and AI was to carry out orders from humans
exactly. However, nowadays, autonomous AI agents who think and decide what
they should do are an important research topic. Moreover, the ability to collab-
orate with humans is essential for future human-like AI agents in living together
with humans. Therefore, the research topic of human-agent teaming, in which
humans and AI agents work together to achieve one task, has become increasingly
important.

1



Chapter 1. Introduction

The simplest approach for human-agent teaming is when agents concentrate on
supporting humans [1, 2]. First, the agent tries to understand what a human
wants to do through user instructions, operations, behavior, etc. Then, the agent
calculates the action that is most preferable to help the human achieve their goal
through inference. By taking action, it tries to support the human in achieving
their goal. We call this type of agent a supportive agent. However, this agent
has a big limitation; it does not have a function for changing a human’s goal or
intention. This means that even if the human has a wrong goal or inefficient plan
for a goal, the agent cannot modify it. In other words, the upper limit of the
degree of success of a human-agent team is bounded by the human’s ability. This
limitation does not matter when the problem size is small enough. However, for a
problem that has above a certain size or complexity, a human cannot choose the
optimal action since a human has “bounded rationality” [3] due to cognitive and
computational limitations. Thus, there is the limitation on the performance for
human-agent teaming featuring a supportive agent.

Implementing an agent with a function for modifying a human’s goal or intention
would be valid for overcoming this limitation. Because agents have far more com-
putational resources than humans, the rationality of an agent is more excellent
than that of a human. The most naive approach is where an agent guides a hu-
man toward a preferable action or goal directly. We call such guidance explicit
guidance. However, explicit guidance should not be abused. If an agent abuses
explicit guidance, most of the human’s actions would be guided by the agent. As
a result, humans may lose their sense of control regarding their decision-making
in achieving human-agent teaming —in other words, their autonomy. Further-
more, they might get the impression that the agent is controlling them. Such an
impression is undesirable for the wholesome coexistence of humans and agents.

To reduce that risk, agents have to guide humans while allowing them to maintain
autonomy. We assume that a critical factor in maintaining autonomy is for humans
to decide their own actions in human-agent teaming. Moreover, we also assume
that humans infer others’ goals or intentions and take action in accordance with
their rationality. Under this assumption, an agent will expect the human to infer
its intentions and discard any plans that do not match what they infer the agent to
be planning. Furthermore, under this expectation, the agent will try to influence
the situation so that the human’s decision is closer to the optimal plan. Such

2
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action-decision processes maintain human autonomy since the discarding of plans
is a proactive action. We call such agent actions implicit guidance.

This dissertation proposes a methodology for autonomous agents who can use im-
plicit guidance for human-agent teaming. The basic approach is that these agents
plan their actions under the assumption that humans infer their goals or intentions
from their behavior. We use the idea of “theory of mind” [4] to implement this.
Theory of mind refers to the capacity to understand other people by ascribing
mental states to them. The mental states include meaning, such as beliefs, de-
sires, intentions, emotions, and thoughts. In recent years, there have been studies
done to model humans’ theory of mind computationally. Using the result of these
studies, we model an agent who has the function of theory of mind as a model
of a human. Then, we model human-agent teaming as a planning problem that
acts with the agent modeled as a human. When solving a problem, the agent has
the best policy for a policy under the premise of collaborating with an agent that
has theory of mind. In addition, we explain its advantage from the perspective of
balancing human autonomy and improving task performance.

1.2 Overview of Studies

This dissertation comprises three studies. The first study regards the basic frame-
work for implementing collaborative agents based on implicit guidance. The sec-
ond and third studies extend the framework for more realistic problems.

• The first study regards the basic framework for implementing collaborative
agents based on implicit guidance and shows the advantage of such agents.
This framework extends the existing planning by implementing the ability
to consider a theory of mind function for agents. With this function, agents
can control human inference of the intention of the agents to guide humans
toward better plans. We evaluated the advantage of human-agent teaming
with implicit guidance. We conducted a participant experiment in which
we asked participants to complete a simple synthetic task by collaborating
with several kinds of autonomous agents, including an agent with implicit
guidance. We confirmed that the agent with implicit guidance contributed
to balancing the performance of the task and maintaining human autonomy.

3
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• The second study is an extension of theory of mind modeling for complex
situations. We introduce “plan predictable bias” into the existing theory of
mind modeling. It is a kind of “bounded rationality” for human cognition
and a bias in which humans tend to infer others’ intentions in a way that
makes their own inference easier. This bias can be a kind of egocentric bias.
We conducted a participant experiment in which we asked participants to
infer agents’ intentions from their behavior in a complex synthetic task. We
confirmed that the theory of mind model with plan predictable bias matches
human cognition better than the existing theory of mind model.

• The third study is an extension of a collaborative planning algorithm for
more realistic situations in which a human has specific information on re-
wards that is unknown by the agent. In the first study, the human and the
agent share complete reward information. Furthermore, although humans
infer the agent’s intention, they act in an egocentric rational manner during
inference. However, in a realistic problem, a human might have their own
goal or preference toward an action that is hidden from the agent. In this
case, the agent cannot make the best plan at first. Thus, the agent has to
infer this information specific to the human from the behavior of the human.
Moreover, we assume humans may share their information such as through
implicit guidance. To support this, we implement our human-agent teaming
idea in the existing collaborative planning algorithm, which expects humans
to show their intention and for agents to infer it. Furthermore, by imple-
menting our extended theory of mind model in our framework, we improve
the planning performance. We conducted a participant experiment to eval-
uate the advantage of extended agents for implicit guidance. We asked the
participants to complete a complex task by collaborating with several kinds
of autonomous agents, including our extended agent. We confirmed that
our framework with our extended agents improved the performance on the
collaborative task.

1.3 Composition of Thesis

This thesis is structured as follows

• Chapter 1: The introduction, motivation, and overview of this dissertation.

4



Composition of Thesis

• Chapter 2: Review of the related work on existing human-agent collaborate
algorithms, human cognitive science, and agent planning.

• Chapter 3: Review of the existing technical topics that are the basis of our
thesis.

• Chapter 4: Formalization of human-agent teaming problems.

• Chapter 5: Basic framework and planning algorithm for collaborative agents
based on implicit guidance.

• Chapter 6: Extension of the framework for more complex situations.

• Chapter 7: A general discussion for our dissertation.

• Chapter 8: A concluding summary of the thesis.

5
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2
Related Work

This chapter shows related work for this dissertation.

2.1 Components of Human-Agent Teaming

Human-agent teaming is a problem in which humans and agents collaborate to
try and solve the same problem. There are studies in specific domains such as
for human-machine teams [5] and coactive design [6]. For example, in studies on
human-machine teams, the important components are communication, coordina-
tion, and adaptability [5]. Communication means exchanging information between
humans and agents, coordination is the process through which humans and agents
manage their roles, and adaptability is the ability for humans and agents to adapt
to each other. Furthermore, coactive design [6] defines three functions that agents
need. Observability is a function for determining their status, intentions, etc.,
predictability is a function so that a human can predict an agent’s action and rely
on it when considering their own action, and directability is a function for being
able to direct the behavior of a human as well as be directed by a human. Figure
2.1 is the architecture of an agent based on coactive design. The robot and human
are connected by a bridge of observability, predictability, and directability.

7
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Figure 2.1: Architecture of agent based on coactive design

2.2 Multi-Agent Planning / Collaborative Plan-
ning

The basis of the agent for human-agent teaming is the ability for them to plan
their behavior in an environment in which others exist. A system that has multiple
autonomous agents is a multi-agent system [7], and in the human-agent teaming
problem in particular, the system can deal with heterogeneous agents of humans
and agents. In general, there are two types of solutions to multi-agent problems.
One is centralized algorithms, which assume a manager who operates all agents
together and considers their planning. The other is distributed algorithms that
deal with the strategies of each agent separately. For a human-agent team, only
the latter algorithm is available because it is not possible to completely control
human behavior.

There are many studies on distributed algorithms. For example, one algorithm
includes agents that plan by inferring human subgoals for a partitioned problem

8



Multi-Agent Planning / Collaborative Planning

Figure 2.2: Example of architecture of POMDP-based collaborative agent

on the basis of Bayesian theory of mind [8]. These agents infer goals from the
movements of human agents and then move accordingly (supportive agents in our
context). There are also agents that plan while using an information regularizer
to control whether to communicate or hide their intention [9] and that plan while
using the information of empowerment [10] to increase a human’s controllability.
These agents are not explicitly aware of their cooperative partner, and the focus
is on how to generate biased behavior for generic cooperation.

In addition, there is an approach that considers human behavior explicitly. Most
studies solve the single agent problem in an environment by integrating knowl-
edge on human behavior. For example, there is one study on agents that plan by
learning the behavior of humans directly from a log [11] or on how the behavior of
others changes depending on the agent’s actions [12]. However, many interaction
logs are needed for the human, who is a partner on a collaborative task. Addi-
tionally, there are studies that focus on collaboration with others who meet first.
This is called “ad-hoc” coordination [13], which is collaboration without opponent
information held in advance.

The naive approach for ad-hoc agents is modeling human as rational agents. This
approach is used for assertive robots [1] and sidekicks in games [2]. Figure 2.2 is a
simple architecture of a collaborative agent in human-agent teaming [2]. First,
human-agent teaming problems are modeled as multi-agent MDP (MAMDP).
MAMDP communicates one of multiple human policies, which are pre-calculated
for all possible human models. Depending on which model communicates with
MAMDP, the total problem becomes POMDP for the agent.

For mutually supportive multi-agent models, interactive POMDP (I-POMDP) [14]

9
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Figure 2.3: The example of implicit coodination testbeds

was proposed. I-POMDP can model bi-directional recursive intention inference in-
finitely; however, the computational costs of considering deep intention inference
are huge even if using approximation methods [15–17]. There are studies indicat-
ing that humans have cognitive limitations [18, 19] regarding recursive intention
inference, so I-POMDP might be too rich of a model for simple environments.

2.3 Collaborative Planning with Communication/-
Coordination

The key function of human-agent teaming is communication and coordination with
a human. In studies on human-human teams, coordination can be both explicit
and implicit [20]. Explicit coordination is communication through mechanisms
using commonly understood knowledge such as strategy, planning, and procedure.

10



Planning with Human’s Cognitive Model

The communication protocol can be both verbal and non-verbal. Implicit coor-
dination involves trying to communicate using meta-cognitive approaches such as
shared mental models that allow teammates to anticipate each other’s actions and
intentions, thereby enhancing teaming. In one study, implicit coordination was
defined as acting “without consciously trying to coordinate.” In another study, it
was defined as the “ability of team members to act in concert without the need for
overt communication.” According to this definition, one study related to implicit
guidance showed that a team that uses a lot of “implicit coordination” improves
in terms of task performance more than a team that uses a lot of “explicit co-
ordination” in a cooperative task [21]. Figure 2.3 shows a testbed of implicit
coordination. The purpose of the task is conveying a load in accordance with
a specific rule, and all bots communicate with a language-based protocol. Fur-
thermore, in [21], “implicit coordination” was further divided into “deliberative
communication,” which involves communicating objectives, and “reactive com-
munication,” which involves communicating situations. It is also mentioned that
implicit coordination consists of deliberative communication and reactive commu-
nication, and that high-performance teams are more likely to use the former type
of communication more often than the latter.

Furthermore, there are studies in which the agent communicates with others ex-
plicitly. Explicit communication can be regarded as an extra action to convey
information to others. In the multi-agent planning domain, there are many stud-
ies on communicating using guidance. The major approach is adding a special
action for communicating and planning in consideration of when agents communi-
cate with each other [22, 23]. There are studies on support agents whose behavior
is helpful for achieving human objectives, such as in [24]. In their setting, helpful
behavior has some cost. Their algorithm can judge whether an agent should help
others by paying an additional cost.

2.4 Planning with Human’s Cognitive Model

The key idea for our agent with implicit guidance is that the considering human
cognitive model to make the human inference for the agent’s intention. The cog-
nitive function which is the ability to infer other intention, goal, and so on is
callde “Theory of Mind”. The are some studies for the computational model of
the “Theory of Mind”. One of populr approach is the Bayesian apploach. It is

11



Chapter 2. Related Work

Figure 2.4: The example of legible actions

called Bayesian Theory of Mind[25–27]. Bayesian apploach is often used to model
human cognition. For example, researchers used a Bayesian model to model how
humans teach the concept of an item by showing the item to learners [28]. In
other study, a Bayesian model has been used to model how humans teach their
own behavioral preferences by giving a demonstration [29]. In addition, there are
many extensions of Bayesian Theory of Mind, such as Bayesian Theory of Mind
based on an ego-centric perspective [30]. We can improve the performance by
choosing appropriate extensions regarding a collaborative task. In addition to the
Bayesian Theory of Mind, there are other theories of the Theory of Mind. For
example, the Analogical Theory of Mind [31] tries to model the Theory of Mind
through the learning of structural knowledge. Furesermore, there is the study for
Theory of Mind using neural network [32].

The planing algorithm considering such human cognitive model is the overview of
our study. A planning algorithm that considers such human cognitive models is
[an overview — the focus?] of our study. In the robotics area, there are studies
on integrating a human cognition model to plan for collaboration with humans
[33]. One example is robots taking legible action [34]. With a human inference
function, a robot can make motions that make their objective understandable to
an observer. Figure 2.4 is an example of a legible action. The gray robot arm
uses a greedy action policy, the orange one uses a legible action policy, and the
purpose of these robots is to grab the green object. The greedy robot heads to the

12
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green object in a straight line. However, the observer has difficulty distinguishing
which is the robot’s goal, red or green. The legible robot wraps around from the
right to reach the object. Although this action needs additional time, observers
can understand that the robot wants to get the green object. A more advanced
example is collaborative planning under the assumption that a human infers the
future planning of a robot and plans their future actions in consideration of this
inference, reported in [35]. Human-aware planning [36] has also been proposed as
a planning method that incorporates a prediction model for human agents and
robots. This planning assumes that the human has learned the behavioral model
of the agent/robot, and it adds a bias to the behavior so that the prediction of
the model becomes more accurate.

2.5 Human Impression for Collaborative Plan-
ning

The main concern of the existing human-agent teaming is improving the per-
formance on tasks, and there are currently not many studies that focus on the
impressions that people have of an agent. One of the few studies that have been
done investigated task performance and people’s impressions for task assignment
in a cooperative task involving a human and an AI agent [37]. In this study, it
was mentioned that a semi-autonomous setting, in which a human first decides
what tasks they want and the agent then decides the rest of the task assignments,
is more satisfying than manual control and autonomous control settings in which
the human and robot fully assign tasks.
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3
Background

This chapter introduces the technical background of our methodology. Section 3.1
is about the formalization of a variety of decision-making problems. Section 3.2 is
about the existing planning algorithm, which is the basis of our algorithm. Section
3.3 is about the existing collaborative planning algorithm, which is also the basis
of our algorithm. Section 3.4 is about the existing computational modeling for
theory of mind for humans.

3.1 Formalization of Decision Making Problems

Our human-agent teaming problem is formalized in a framework of decision-
making beginning from the Markov decision process. Figure 3.1 is an overview
of the decision-making system. There are two factors in a problem for this system:
an agent and an environment. The agent is the subject of the decision-making for
the problem, and the environment is the target of the problem. The agent observes
the current state of the environment and decides on an action for the observed
state. Then, the agent performs this action, thereby changing the state of the
environment. Next, the agent can observe the changed state and can decide on an
action for this changed state. Using this loop, the agent can perform sequential
decision-making. Note that this overview is about only the flow of information;
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Observe State 

WorldAgent

Perform Action 

Figure 3.1: Overview of decision system

for a real problem, the system needs a mechanism for obtaining information such
as from a sensor to get information on states and a mechanism for performing
actions that agents decide.

Formally, S represents a set of states of the environment, and s ∈ S represents one
state. A represents a set of actions that the agent can take, and a ∈ A represents
one state.

An agent needs a rule to decide their actions given the observed state in these
decision-making problems. The rule is called a policy π. Theoretically, a policy is
a function that returns an action from a state. If the function is deterministic, the
form of the policy is represented as S → A formally. If the function is stochastic,
the form of the policy is represented as S × A → [0..1] formally, and π(a|s)
represents the probability that an agent takes action a when it observes state s.
It represents the probability that the agent takes an action in a state.

3.1.1 MDP

A Markov decision process (MDP) [38] is a discrete-time stochastic control process.
It provides a mathematical framework for modeling decision-making in situations
where outcomes are partly random and partly under the control of a decision-
maker (Agent). There are two factors, the agent and environment, in MDP as a
decision-making system. In MDP, an agent accesses the environment by observing
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the current state and taking action in the environment. Then, the agent can
observe the following state that results from the agent’s action.

Formally, MDP is represented as a tuple < S,A, T, R, γ >. S and A are a set
of states and actions, respectively. T is a set of state transition functions. The
form of the state transition function is S × A × S → [0, 1], and T (s′|s, a) shows
the probability that the agent observes state s′ after taking action a when its
current state is s. R is a set of reward functions. The form of a reward function
is S ×A×S → R, and R(s, a, s′) shows the reward when the agent observes state
s′ after taking action a when its current state is s. R can be in other forms, such
as R(s) and R(s, a). γ is a discount factor determining how much an agent cares
about rewards in the distant future relative to those in the immediate future.

3.1.2 POMDP

The partially observable Markov decision process (POMDP) [39, 40] is an exten-
sion of MDP for situations in which agents cannot observe the complete infor-
mation of a state to decide their action. In POMDP settings, an agent cannot
observe the current state directly; instead, the agent can observe the information
depending on the current state.

Formally, POMDP is represented as a tuple < S,A,Ω, T, O,R, γ >. Ω is a set
of observations, and o ∈ Ω represents one observation. O is a set of observation
functions. The form of the functions is S × A × S → [0, 1], and O(o|s, a) shows
the probability that an agent observes o after taking action a when the current
state is s. The other factors of the tuple are the same as MDP.

3.1.3 MOMDP

The mixed-observability Markov decision process (MOMDP) [41] is one of the
subspecific representations of POMDP for situations in which the state space can
be factorized clearly into an observable part and partially-observable part. This
representation factors state space into fully-observable and partially-observable
components. The computational cost of POMDP depends on the size of the
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partially-observable state, so by reducing the size of partially-observable com-
ponents by separating them from fully-observable components, this problem can
be solved more effectively.

Formally, MOMDP is represented as a tuple < X ,Y ,A,Ω, T, O,R, γ >. X , Y is a
set of components of the state space that are fully- and partially- observable, and
x ∈ X and y ∈ Y represent the components for one state. Along with this, the
forms of transition function T (s′|s, a) can be also represented as T ((x′, y′)|(x, y), a).
Similarly, O(o|s, a) can be also represented as O(o|(x, y), a).

3.1.4 Dec-POMDP

Decentralized POMDP (Dec-POMDP) [42] is an extension of POMDP for multi-
agent setups that deals with a specific case in which all agents share the same
reward function of a partially observable stochastic game (POSG) [43].

Dec-POMDP is defined in the format < I,S, {Ai}, {Ωi}, T, R,O >. I is a set of
agents. Ai is a set of actions for agent i, with A = ×Ai being the set of joint
actions for all agents. Ωi is a set of observations for agent i, with Ω = ×Ωi being
the set of joint observations for all agents.

A solution of Dec-POMDP is a set of all agent policies, each that maximizes the
value of the obtained total rewards.

3.2 Planning Algorithm

The solution of the planning algorithm is obtained in the form of a policy. As
described above, there are two types of policies: deterministic and stochastic. In
this thesis, we deal with the agent’s policy as stochastic.

3.2.1 Planning on MDP

The best policy is a policy with which an agent can obtain the maximum cumu-
lative rewards accordingly. This policy can be obtained by using simple dynamic
programming [38]. First, consider the expected cumulative reward value when the
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agent takes actions in accordance with a specific policy π after the agent takes
action a from a state; the value is called the action value function, and it is rep-
resented as Qπ(s, a). Given a set of initial states S0, the condition that the best
policy π∗ should satisfy is as follows.

π∗ = argmax
π

Es∈S0 [Qπ(s, a)] (3.1)

As a solution that obtains the best policy, the policy improvement theorem was
proposed [44]. The theorem shows that improving the action for one specific state
improves the overall cumulative reward of the policy. According to the theory,
given a specific policy, choosing the best action for all states is a better policy
than the given policy. Formally, the policy π′ in the following equation is a better
policy than π.

π′(a|s) = 1(a = argmax
a′∈A

Qπ(s, a′)) (3.2)

Next, the expected total reward value when an agent takes actions according to
a specific policy π from a state is considered. The value is called the value state
function, and it is represented as V π(s). The relation of the action value function
and state value function is as follows.

Qπ(s, a) =
∑
s′∈S

T (s′|s, a) (R(s, a, s′) + γV π(s′)) (3.3)

Furthermore, the value function can be defined recurrently using the state value
function regarding one step after.

V π(s) =
∑
a∈A

π(a|s)
∑
s′∈S

T (s′|s, a) (R(s, a, s′) + γV π(s′))
 (3.4)
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The equation is called the Bellman equation. Connecting the policy improvement
theorem in Eq. 3.1, the state value function for an improved policy becomes as
follows.

V π′(s) = max
a∈A

 ∑
s′∈S

T (s′|s, a) (R(s, a, s′) + γV π(s′))
 (3.5)

This value update procedure is called value iteration. Since this iteration scans all
combinations of source states, target states, and actions regarding the transition
function, the computational complexity of one step is O(|S|2|A|).

As the result of value iteration, the value became stable as follows, and such a
policy is the best policy.

V π′(s) = V π(s) (∀s ∈ S) (3.6)

3.2.2 Planning for POMDP

In the POMDP setting, the agent cannot observe the state directly; thus, the agent
has to estimate the current state of the environment. The estimation is called the
belief of the state. The belief b(s) represents the probability that the current state
is s, and the belief is a distribution over the state space, formally b ∈ ∆(S).

When the agent performs a, it makes observation o. An observation is obtained
from the current actual state, which can be a clue to the current actual state.
Thus, the agent can update their belief using the information in each step. We
represent the updated belief observing o after action a as bao, and the belief for
each state s can be calculated as follows.

bao(s) ∝
∑

s′∈S,o∈Ω
P (s, o|s′, a)b(s′) =

∑
s′∈S,o∈Ω

T (s|s′, a)O(o|s′, a)b(s′) (∀s ∈ S) (3.7)

Since an agent can observe states partially, the value is defined not regarding state
but rather state belief. We can define the action value function for POMDP like
in Eq. 3.3.
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Q(b, a) =
∑
s,s′∈S

b(s)T (s′|s, a)R(s, a, s′) + γ
∑
o∈Ω

O(o|s, a)V (bao) (3.8)

V is state value function that can be calculated as follows

V (b) = max
α∈V

(b · α) = max
α∈V

(
∑
s∈S

b(s)α(s)) (3.9)

V is a set of α, which is an α-vector. An α-vector is a |S| dimensional vector;
each value corresponds to the expected cumulative reward when executing one
conditional plan (finite action sequence) from a specific state. We represent a
conditional plan as σ = (a, v), in which v is a mapping from observations to future
conditional plans (one step shorter) for the agent to follow. The value of the
α-vector for a specific conditional plan σ and s is defined as follows.

ασ(s) =
∑
s′∈S

T (s′|s, a)R(s, a, s′) + γ
∑

s′∈S,o∈Ω
P (s′, o|s, a)αv(o)(s′) (3.10)

Furthermore, the set of values of all α-vectors can be calculated recursively using
the α-vector for one-step-shorter conditional plans V ′ using the following steps
[45].

Γa : αa,∗(s) = R(s, a)

Γa,o : αa,r(s) = γ
∑
s′∈S

P (s′, o|s, a)α′(s′) (∀α′ ∈ V ′)

Γa = Γa,∗ ⊕ Γa,o1 ⊕ Γa,o2 ...

V = ∪a∈AΓa (3.11)

⊕ is a cross-sum operator. In practice, an α-vector that is completely dominated
by another α-vector is pruned from the final set of V . However, the size of α-vectors
for one step can be O(|A||V ′||Ω|) in the worst case. Taking into account the source
and target states, the computational complexity of this step is |S|2|A||V ′||Ω|.
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Since this computational cost is extremely high, this exact solution can be used
for only tiny problems. Thus, there are a variety of approximative solutions for
larger and more practical problems. Point-based value iteration (PBVI) [46] is
one basic approximative solution. In this approach, the belief space is reduced to
a finite set of belief points B, and α-vectors corresponding to each belief point
are calculated. Taking into consideration finite belief points, the cross-sum step is
simplified as follows.

Γab = Γa,∗ +
∑
o∈Ω

argmax
α∈Γa,o

(α · b) (3.12)

Then, the value function changes correspondingly.

V (b) = argmax
Γa

b
,∀a∈A

(Γab · b), ∀b ∈ B (3.13)

This simplification reduces the computational cost exponentially. The total com-
putational complexity is O(|S||A||V ′||Ω||B|)

3.2.3 Planning for MOMDP

As we described in Sec. 3.1.3, MOMDP is a subspecific representation of POMDP.
Thus, the planning algorithm for MOMDP is almost the same as the algorithm of
POMDP. The difference is that we need the belief for only a partially-observable
part of a state, not the entire state. That is, the belief is the distribution over the
partially-observable part of the state space, formally b ∈ ∆(Y). In addition, the
agent can observe an observable part of the state in each step. Based on this, the
updated belief ba,x′

o,x (y), that is, the belief for the partially-observable part y when
the agent takes action a in x′ and observes x and o, can be calculated as follows.

ba,x
′

o,x (y) ∝
∑

y′∈†,o∈Ω
P ((x, y), o|(x′, y′), a)b(y′)

=
∑

s′∈S,o∈Ω
T ((xy)|(x′, y′), a)O(o|(x′, y′), a)b(y′) (∀y ∈ Y) (3.14)

22



Existing Collaborative Planning Algorithm

Similarly, the action value function and state value function can be calculated as
follows.

Q(b, x, a) =
∑
x′∈X

Q′(b, x, x′, a)

Q′(b, x, x′a) =
∑

y,y′∈Y
b(y)T ((x′, y′)|(x, y), a)R((x, y), a, (x′, y′)) +

γ
∑
o∈Ω

O(o|(x, y), a)V (ba,xo,x′ , x′) (3.15)

V (b, x) = max
α∈V

(b · α) = max
α∈V

(
∑
y∈Y

b(y)αx(y)) (3.16)

αx(y) is the α-vector for MOMDP under the condition that the observable part
of the current state is s. According to the definition of the state value function,
to plan for MOMDP, we need to solve individual POMDP for each x. From a
computational perspective, this is undesirable. However, the computational cost
of each POMDP planning is reduced drastically since the dimension of the α-
vector is reduced to |Y|. As a result, the total computational cost is also reduced
drastically compared with the planning of POMDP.

3.3 Existing Collaborative Planning Algorithm

3.3.1 Cooperatives Inverse Reinforcement Learning
(Assistance Game)

Cooperative inverse reinforcement learning (CIRL) [47], which is also called an
assistance game, is a special-case of two-player Dec-POMDP with partial infor-
mation. In CIRL, the information of the reward is known by only the human.
Thus, agents expect humans to share enough information for the reward function
via their actions for excellent cooperation.

Formally, the CIRL game is represented as a tuple < X , {AH ,AA}, T, {Θ, R}, γ >.
X is a set of world states, which is observable from both the human and agent.
AH , AA are actions available to the human and agent. T : X×AH×AA → [0..1] is
a state transition distribution. Θ is a set of reward parameters that is observable
by only the human, R : X × AH ×AA × Θ → R is a reward function, and γ is a
discount factor.
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3.3.2 Planning for CIRL

The solution of CIRL is to obtain a collaborative policy for both the human and the
agent. Since humans and agents share one reward function, the solution includes
collaborative actions (active teaching, active learning, etc.) as the optimal policy.
CIRL is in Dec-POMDP, which is an NEXP-complete problem [48]. CIRL can be
reduced to a coordination-POMDP, which is a kind of POMDP. However, the size
of the action space is |AH ||Θ||AA|, which is too large in most cases. Therefore, it
is difficult to solve CIRL by taking a naive approach.

Coordination-POMDP reduced from CIRL can reduce the size of the action space
to |AA| with a small modification to the Bellman update of POMDP [49]. The
idea is that it is assumed that a human plans their action rationally on the basis
of their value, and such a human planning process is integrated in the Bellman
update.

To consider CIRL planning, we define a variable that is the Cartesian product of
the world state and reward parameter S = X ×Θ. It corresponds to the state of
MOMDP, in which the world state is an observable part and the reward parameter
is an unobservable part for an agent. If we see the CIRL problem as a planning
problem for the agent, human action can be regarded as an observation. That is,
P (s′, o|s, a) can be rewritten as P (s′, aH |s, aA). The probability can be divided
into two factors, the probability that the human takes action aH given s, aH , and
the probability of the transition of the next state given the actions.

We write the probability of human action as a human policy πH . Generally, the
input of a policy is the current state described above; however, the human decides
their action after observing the agent’s actions in CIRL. Furthermore, the human
should decide their actions in accordance with the reward information. Thus, the
the human (stochastic) policy becomes S ×AA ×AH ×Θ→ [0..1].

Summarizing the above, P (s′, aH |s, aA) can be rewritten as follows, in which s =
(x, θ), s′ = (x′, θ′).

P (s′, aH |s, aA) = T (x′|x, aH , aA)πH(aH |s, aA)1(θ = θ′) (3.17)
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In CIRL, it is hypothesized that humans behave rationally when considering an
agent’s future action. This means that the human’s action value function is con-
ditioned by the agent’s conditional plan sigma. Thus, the action value function
for the human is calculated as follows.

QH(s, aH , σ) =
∑
s∈S

T (x′|x, aH , aA) · αv(aH)((x′, θ)) (3.18)

Likewise, the human’s policy and the probability that the agent observes the hu-
man’s action is also conditioned by sigma (in Eqs. 3.10, 3.11).

P (s′, aH |s, σ) = T (s′|s, aH , aR)πH(aH |s, σ) (3.19)

If the human decides their action deterministically, the policy is as follows.

πH(aH |s, σ) = 1(aH = argmax
a′

H∈AH

QH(s, aH , σ)) (3.20)

If the human decides their action stochastically, the policy is as follows.

πH(aH |s, σ) ∝ exp(βQH(s, aH , σ)) (3.21)

The β is a hyper parameter for rationality.

The basic process is similar to POMDP. The additional computational cost is
times |Θ| to calculate the max action. Thus, the total computational complexity
is O(|S||AA||V ′||AH||B||Θ|).

3.4 Bayesian Modeling for Theory of Mind

As mentioned, humans have a function for inferring others’ goals or intentions
from their behavior called theory of mind. Our method is based on the Bayesian
theory of mind.
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3.4.1 Model of Human Rationality

Bayesian theory of mind assumes that if humans have goals or intentions, they
will behave rationally to achieve these goals or intentions. We use Boltzmann
noisy rationality [27] as the rationality of action for our model. In the definition
of Boltzmann noisy rationality, P (a|g) is the probability that an agent executes a
for goal g in accordance with the Boltzmann distribution of the “value” of a for
achieving g. Equation 3.22 is the definition of the probability. β is the temperature
parameter of the Boltzmann distribution for defining rationality.

P (a|g) = exp (βQg(a))∑
g′∈G exp (βQg′(a)) (3.22)

Here, Qg(a) corresponds to the action value function in terms of the MDP planning
described Sec. 3.2.1. This rationality is also called a softmax policy in the planning
area.

This rationality is the one of the basic behavioral models, that is, a logit model, in
the behavioral economics area [50]. Thinking that we model human behavior using
a simple model based in rational choice theory [51] and random utility theory [52],
when we use a Gumbel distribution [53] as the error term for utility, the best choice
of theory corresponds to the Boltzmann distribution over the utility function.

This modeling is one of the most popular models of stochastic rational autonomy.
For example, it is used in many models for theory of mind and many methods
[25–27, 29, 54] of inverse reinforcement learning [55–58].

3.4.2 Bayesian Theory of Mind

In recent cognitive science areas, the modeling of human reasoning using the
Bayesian theorem has become popular [59]. When humans observe an event e,
they infer the probability of the cause c as follows.

P (c|e) ∝ P (e|c)P (c) (3.23)
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P (c|e) is the human’s posterior probability that c is the cause of an observed e,
P (e|c) is the likelihood that c causes e, and P (e) is the prior probability that e
happens independently. P (e) is the human’s prior knowledge such as common
sense and so on. If a modeler does not want to implement such knowledge, they
can use a uniform distribution for P (e) and erase the term from Eq. 3.23.

Theory of mind is human’s cognitive function to understand other goals, prefer-
ences, intention and so on [4]. Bayesian Theory of Mind [25–27] is the one of
application of the Bayesian human reasoning model.

The objective of Theory of Mind is infering others goal is g when observing others
action a.

P (g|a) (3.24)

According to Eq. 3.23, the inference of the probability that goal g is the reason
for action a is as follows.

P (g|a) ∝ P (a|g)P (g) (3.25)

P (a|g) is also the probability of planning given specific goal g. Using Boltzmann
rationality (Equation 3.22), we can calculate it.

Since, this apploach reversed the dependency of the variables and P is the likeli-
hood of the planning, it is also be called Inverse Planning [25].
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4
Human-Agent Teaming

This chapter explains the practical definition of Human-Agent Teaming. Section
4.1 explains what is Human-Agent Teaming beliefly. Section 4.2 is about the
definition of the Human-Agent Teaming. Section 4.3 explains the planning of the
supportive agent in the Human-Agent Teaming definition.

4.1 Example of Human-Agent Teaming

We defined Human-Agent Teaming is as a collaborative task. In the task, the
human and the agent are in the same environment and share the problem’s ob-
jective(s) information. The success of the problem is the achieve one objective in
the problem. Figure 4.1 is a simple example of Human-Agent Teaming, in which
the objective of the problem is to capture the characters (shown as a face pic-
ture) which are in between theirs. The characters try to escape from the humans
and the agent at the same speed as humans. Thus This problem is a kind of the
task is a kind of pursuit-evasion problem [60]. To achieve the problems’ objective
(capture on character), the human and the agent have to approach the same char-
acter from both sides. If the human and the agent pursue other characters, there
can not catch up with each character forever, and then, the problem fails because
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Figure 4.1: Example of agent with Human Agent Teaming

characters escape out through the lower bypass. Thus, the human and agent have
to cooperate with sharing the character which there should approach to.

4.2 Formalization of Human-Agent Teaming

First, we model the human-agent teaming problem as a kind of Dec-POMDP by
treating the human as one agent.

The current objective in a state is dealt with as an unobservable factor. In other
words, the human and agent are in multiple Dec-MDP environments that have
only one objective. They move over the environments at each step, but they
cannot observe which environment they are in directly.

Based on the above, we model Dec-POMDP. I consists of an agent and a human
{iA, iH}, so A consists of the human’s action and agent’s action; thus, it can be
represented as AA ×AH . In human-agent teaming problems, the human and the
agent cannot directly know the partner’s objective. We model such a situation
as states that include specific information that cannot be observed by the part-
ner. We define each information space as ΘH and ΘA, respectively. We define
information that can shared with one another such as each position as O. The
state space becomes S = O×ΘH ×ΘA. This representation follows the MOMDP
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representation. Moreover, observations become equal to the observable factors of
states, formally, Ω = O. Furthermore, the objective does not affect the observable
factors of states, that is, the transition function T can be factorized into observ-
able state part TO : O × AH × AA × O → [0..1] and unobservable state part
TΘH : S ×AH ×AA ×ΘH → [0..1] and TΘA : S ×AH ×AA ×ΘA → [0..1].

Based on the above formulation, we model the human-agent teaming problem.
First, the objective of the problem is shared between the agent and the human.
We represent a common objective as Θ. In an actual environment, the agent
cannot control a human’s actions directly. Thus, the action state should consist
of only the agent’s action, formally A = AA. Instead, we introduce human policy
πH like in CIRL. πH(aH |s, aA, θ) represents the probability that the human takes
action aH after observing the agent take action aA in state s. Furthermore, the
agent and human have to share each other’s objective, and we consider only the
human’s objective. As a result, the form of the state transition function and the
reward function is converted to TO : S×AA×O → [0..1], TΘ : S×AA×Θ→ [0..1]
and R : S ×AA → R, and the function can be calculated as follows.

TO(o′|(o, θ), aA) =
∑

aH∈AH

πH(aH |(o, θ), aA)TO(o′|o, aA, aH)

TΘ(θ′|(o, θ), aA) =
∑

aH∈AH

πH(aH |(o, θ), aA)TΘ(θ′|(o, θ), aA, aH)

R((o, θ), aA) =
∑

aH∈AH

πH(aH |(o, θ), aA)R((o, θ), aA, aH) (4.1)

Note that s = (o, θ).

Here, we hypothesize that the process of the human’s decision-making consists of
two steps: humans decide their target and take action toward the target. There-
fore, the human’s policy can be factorized as follows.

πH(aH |(o, θ), aA) =
∑
θ′∈Θ

P (θ′|(o, θ), aH)P (aH |(o, θ′), aA) (4.2)
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We also assume that humans behave rationally.

P (aH |(o, θ′), aA) ∝ exp (β ·Q((o, θ), aA, aH)) (4.3)

Note that θ is the only unobservable factor for the problem. Thus, given θ,
the problem is reduced to the MDP with the joint action space. Therefore,
Q((o, θ), aA, aH) can be calculated using basic value iteration. As an intuitive
explanation, if an agent knows a human’s objectives in advance, the agent can
make the best plan to collaborate with the human.

4.3 Planning of Supportive Agent in Human-
Agent Teaming

We explain the planning of supportive agents in human-agent teaming. As we
explain in Sec. 1, supportive agents infer the objective of a human and do not
expect the human to change their objective. This can be modeled as follows.

P (θ′|s, aA, θ) = 1(θ = θ′) (4.4)

The important point is that the function is not dependent on the agent’s action.
This means that the human’s policy is independent of the agent’s action. Thus, we
can implement the human’s policy into the state transition. As a result, human-
agent teaming is reduced to a simple POMDP (MOMDP, more strictly) problem.
We can solve the problem by using the existing planning algorithm for POMDP.
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5
Planning with Implicit Guidance

This chapter explains our first study for the basic framework of an agent based
on implicit guidance. Section 5.1 is an overview of implicit guidance and explicit
guidance. Section 5.2 explains how this guidance into implemented in agents.
Section 5.3 refers to a participant experiment, and Sec. 5.1 shows the result of the
experiment. Finally, there is a brief discussion in Sec. 5.5.

5.1 Implicit Guidance and Explicit Guidance

5.1.1 Implicit Coordination and Explicit Coordination

There are many specific definitions of implicit and explicit coordination. For ex-
ample, some studies define implicit coordination as coordination that relies on
the anticipation of information and resource needs of other team members, and
explicit coordination is the transfer of information and resources in response to
requests [21]. Another study defines implicit coordination as anticipating one an-
other’s information and explicit coordination involves mechanics such as prompts
or requests for information amongst teammates [61]. Combining such definitions,
we define implicit coordination as the transfer of information with the expectation
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Human Agent

(1) (Target)

(2)

Figure 5.1: Example of human-agent teaming (1)

Human Agent

(1)

(2) (Target)

Figure 5.2: Example of human-agent teaming (2)

of the ability to infer others’ intentions, and explicit coordination is the transfer
of information using a recognizable protocol.

5.1.2 Implicit Guidance and Explicit Guidance for Human-
Agent Teaming

In general, humans cannot plan optimal actions for difficult problems due to limi-
tations in their cognitive and computational abilities. Figures 5.1 and 5.2 show an
example of a misleading human-agent teaming task as one such difficult problem.
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Human Agent

(1) (Target)

(2)

Instruction

Figure 5.3: Example of explicit guidance agent

Human Agent

(1) (Target)

(2)

Observation

Prediction

Figure 5.4: Example of implicit guidance agent

In Figure 5.1, there are two characters, (1) and (2), on the upper and lower roads,
respectively. Since (1) is farther away, (2) seems to be a more appropriate target.
However, (2) cannot be captured because it can escape via the lower bypath. On
the other side, in Fig. 5.2, the agent and the human can successfully capture (2)
because it is slightly farther to the left than in Fig. 5.1. Thus, the best target
might change due to a small difference in a task, and this can be difficult for hu-
mans to judge. For such a situation, the guidance from an agent for a desirable
character to capture is helpful.

Figure 5.3 is an example of explicit guidance for the problem in Fig. 5.1. The
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agent guides the human to a desirable target directly and expects the human to
follow. Figure 5.4 is an example of implicit guidance. The agent has two kinds of
expectations for the human. One is that the human will infer the agent’s intention
from the agent’s behavior, and another is that the human will make an adequate
plan to collaborate with the agent on the basis of this inference. The human and
the agent have to head to the same character regarding the latter. Thus, the
agent expects the human to head to the character that the human infers as the
agent’s objective. Under these expectations, the agent concentrates on informing
the human as to which character the agent wants to get regarding the former.
Figure 5.4 is a movement made to inform the human of the agent’s objective.
When the agent moves upward, the human can infer that the agent is aiming for
the upper target by observing the agent’s movement. Although this is technically
the same thing as the agent showing the target character explicitly, we feel that,
in this case, humans would feel as though they were able to maintain autonomy
by inferring the agent’s target voluntarily.

5.2 Planning with Implicit Guidance and Ex-
plicit Guidance

We implement a planning algorithm for agents based on explicit guidance and
implicit guidance. The difference from the supportive agent is that the agents
assume that they can change the human’s objective θ. Thus, the only difference
is the formalization of P (θ′|(o, θ), aA).

5.2.1 Planning with Explicit Guidance

The explicit guidance agent guides the human toward the best target; thus, it
assumes that the human knows what the best target is. We represent the best
target as θ∗ as follows.

P (θ′|(o, θ), aA) = θ∗ (5.1)

The best target is calculated as θ∗ = argmaxθ′∈θV ((o0, θ)), where o0 is the initial
observable state, and V ((o0, θ)) is the state value function of the problem given θ.
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5.2.2 Planning with Implicit Guidance

In the current problem, we assume that the human changes their objective to
match the agent’s one. Thus, the probability of the human inferring the agent’s
target objective becomes the same as the probability of the human objective. The
implicit guidance agent assumes that humans change their target by observing the
agent’s actions. We assume that humans infer the target of the agent on the basis
of Boltzmann rationality, as suggested in earlier theory of mind studies [25] [54].

P (θ′|(o, θ), aA) ∝ P (θ)P (aA|o, θ) (5.2)

P (aA|o, θ) is also based on Boltzmann rationality:

P (aA|o; θ) = exp (β2V ((TO(aA), θ)))∑
a′

A∈AA
exp (β2V ((TO(a′A), θ))) (5.3)

where β2 is a rational parameter, and V ((TO(a′A), θ))) is the state value func-
tion of the problem regarding the state after aA given θ. Finally, this calcula-
tion is completely the same as POMDP planning, the difference being the tran-
sition function. Thus, the total computational complexity is the same as that of
POMDP. Considering the difference of notation, the computational time complex-
ity is O(|S||AA||V ′||AH||B|) if we use a point-based value iteration approach.

5.2.3 Decide Agent Actions

By solving POMDP (MAMDP) as shown in Secs. 3.2.2 and 3.2.3, we can calculate
the action value function Q(o, θ, a) for the current observable state o and belief
for the objective θ. Thus, the agent can decide their best action using them.

a∗A = argmax
aA∈AA

Q(o, θ, aA) (5.4)

b is updated on each action of a human and an agent as follows for each unobserv-
able factor of belief b(θ):

b(θ) ∝ b(θ)πH(aH |(o, θ), aA) (5.5)
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The initial belief is Uniform(θ) for the supportive and implicit guidance agents
and I(θ = θ∗) for the explicit guidance agent.

5.3 Experiment

We conducted a participant experiment to investigate the advantages of the im-
plicit guidance agent. This experiment was approved by the ethics committee of
the National Institute of Informatics.

5.3.1 Collaborative Task Setting

The collaborative task setting for our experiment was a pursuit-evasion problem
[62], which is a typical type of problem used for human-agent collaboration [60, 63].
This problem covers the basic factors of collaborative problems, that is, that the
human and agent move in parallel and need to communicate to achieve the task.
This is why we felt it would be a good base for understanding human cognition.

Figure 5.5 shows an example of our experimental scenario. There are multiple
types of object in a maze. The yellow square object labeled “P” is an object
that the participant can move, the red square object labeled “A” is an object
that the agent can move, and the blue circle objects are target objects that the
participant has to capture. When participants move their object, the target objects
move, and the agent moves. Target objects move to avoid being captured, and the
participant and the agent know that. However, the specific algorithm of the target
objects is known only by the agent. Since both the participants and the target
objects have the same opportunities for movement, participants cannot capture
any target objects by themselves. This means they have to approach the target
objects from both sides through collaboration with the agent, and the participant
and the agent cannot move to points through which they have already passed. For
this collaboration, the human and the agent should share with each other early
on which object they want to capture. In the experiment, there were two target
objects located in different passages. The number of steps needed to capture each
object was different, but this is hard for humans to judge. Thus, the task will
be more successful if the agent shows the participant which target object is the
best. In the example in the figure, the lower passage is shorter than the upper
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Figure 5.5: Example of experiment

one, but it has a path for escape. Whether the lower object can reach the path
before the agent can capture it is the key information for judging which object
should be aimed for. This is difficult for humans to determine instantly but easy
for agents. There are three potential paths to take from the start point of the
agent. The center one is the shortest for each object, and the others are detours
for implicit guidance. Also, to enhance the effect of the guidance, participants and
agents were prohibited from going backward.

Model

We modeled the task as a collaborative task formulation. The action space cor-
responded to an action for the agent, and the observable state corresponded to
the positions of the participant, agent, and target objects. The reward parameter
was conditioned on the target object that the human aims for. The space of the
parameter corresponded to the number of target objects, that is, |Θ| = 2. The
reward for capturing a correct/wrong object for θ was 100, –100, and the cost of a
one-step action was –1. Since a go-back action was forbidden, we could compress
multiple steps into one action for a human or an agent to reach any junction. Thus,
the final action space was a compressed action sequence, and the cost was –1 ×
the number of compressed steps. Furthermore, to prohibit invalid actions such as
heading to a wall, we assigned such actions a –1000 reward. We modeled three
types of collaborative agent, as discussed above: a supportive agent, an explicit
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guidance agent, and an implicit guidance agent. We set the rational parameters
as β1 = 1.0, β2 = 5.0, and the discount rate was 0.99.

Hypothesis

The purpose of this experiment was to determine whether implicit guidance can
guide humans while allowing them to maintain autonomy. Thus, we tested the
following two hypotheses.

• (H1) Implicit guidance can guide humans’ decisions toward better collabo-
ration.

• (H2) Implicit guidance can help humans maintain autonomy more than ex-
plicit guidance can.

Tasks

We prepared five tasks. Two of these tasks, as listed below, were tricks to make it
hard for the participants to judge which would be the best target. All tasks are
shown in the supplementary material.

• (A) There were two winding passages with different but similar lengths.
There were three tasks for this type.

• (B) As shown in Fig. 5.5, there was a long passage and a short one with a
path to escape. There were two tasks for this type.

Participants

We recruited participants for this study from Yahoo! Crowdsourcing. The partic-
ipants were 100 adults located in Japan (70 male, 24 female, 6 unknown). The
mean age of participants who answered the questionnaire we administered was 45
years.
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Procedure of experiment

Our experiment was based on a within-subject design and conducted on the Web
using a browser application we created. Participants were instructed on the rules
of the agent behavior and then underwent a confirmation test to determine their
degree of understanding. Participants who were judged to not have understood
the rules were given the instructions again. After passing this test, they entered
the actual experiment phase. In this phase, they were shown the environment and
asked “where do you want to go?” After inputting their desired action, both the
agent and the target objects moved forward one step. This process was continued
until the participants either reached a target object or input a certain number of
steps. When each task was finished, participants moved on to the next one. In
total, they were shown 17 tasks, which consisted of 15 regular tasks and 2 dummy
tasks to check whether they understood the instructions. Regular tasks consisted
of three task sets (corresponding to the three collaborative agents) that included
five tasks each (corresponding to the variations of tasks). The order of the sets and
the order of the tasks within each set were randomized for each participant. After
participants finished each set, we gave them a survey on the perceived interaction
with the agent (algorithm) using a 7-point Likert scale.

The survey consisted of the questions listed below.

1. Was it easy to collaborate with this agent?

2. Did you feel that you had the initiative when working with this agent?

3. Could you find the target object of this agent easily?

4. Did you feel that this agent inferred your intention?

Item 2 was the main question, as it relates to the perceived autonomy we wanted
to confirm. The additional items were to prevent biased answers and relate to
other important variables for human-agent (robot) interaction. Item 1 is related
to the perceived ease of collaboration, namely, the fluency of the collaboration,
which has become an important qualitative variable in research on human-robot
interaction in recent years [64]. Item 3 is related to the perceived inference of the
agent’s intentions by the human. It is one of the variables focused on the trans-
parency of the agent, which plays a key role in constructing human trust in an
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agent [65]. From the concrete algorithm perspective, a higher score is expected for
guidance agents (especially explicit guidance agents) than for supportive agents.
Item 4 is related to the perceived inference of the human’s intentions by the agent.
This is a key element of the perceived working alliance [64], and when it is func-
tioning smoothly, it increases the perceived adaptivity in human-agent interaction.
Perceived adaptivity has a positive effect on perceived usefulness and perceived
enjoyment [66]. From the concrete algorithm perspective, a higher score is ex-
pected for agents without implicit guidance (especially supportive agents) than
for implicit guidance agents.

5.4 Results

Before analyzing the results, we excluded any data of participants who were in-
validated. We used dummy tasks for this purpose, which were simple tasks that
had only one valid target object. We then filtered out the results of participants
(a total of three) who failed these dummy tasks.

5.4.1 Results of Collaborative Task

Figure 5.6 shows the rate at which participants captured the best object that the
agent knew. In other words, it is the success rate of the guidance of the agent
based on any of the given [types of?] guidance. We tested the data according
to the standard process for paired testing. The results of a repeated measures
analysis of variance (ANOVA) showed that there was a statistically significant
difference between the agent types for the overall tasks (F (2, 968) = 79.9, p =
7.4e − 33), task type (A) (F (2, 580) = 55.9, p = 5.9e − 23), and task type (B)
(F (2, 386) = 24.7, p = 7.5e − 11). We then performed repeated measures t-tests
with a Bonferroni correction to determine which two agents had a statistically
significant difference. “*” in the figure means there were significant differences
between the two scores (p << 0.01). The results show the average rate for the
overall tasks, task type (A), and task type (B). All of the results were similar,
which demonstrates that the performances were independent of the task type. The
collaboration task with the supportive agent clearly had a low rate. This indicates
that the task was difficult enough that participants found it hard to judge which
object was best, and the guidance from the agent was valuable for improving
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Figure 5.6: Average rate of capturing best object

the performance on this task. These results are strong evidence in support of
hypothesis H1. As another interesting point, there was no significant difference
in the rate between implicit guidance and explicit guidance. Although we did not
explain implicit guidance to the participants, they inferred the agent’s intention
anyway and used it as guidance. Of course, the probable reason for this is that
the task was so simple that participants could easily infer the agent’s intentions.
However, the fact that implicit guidance is almost as effective as explicit guidance
in such simple tasks is quite impressive.

5.4.2 Results for Perceived Interaction with Agent

Figure 5.7 shows the results of the survey on the effect of the agent on cognition.
The results of a repeated measures ANOVA showed that there was a statistically
significant difference between the agent types for perceived ease of collaboration
(F (2, 192) = 29.8, p = 5.4e − 12), perceived autonomy (F (2, 192) = 36.4, p =
4.1e−14), and perceived inference of the human’s intentions (F (2, 192) = 49.7, p =
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4.0e − 18). In contrast, there was no statistically significant difference for the
perceived inference of the agent’s intentions (F (2, 192) = 1.8, p = 0.167). We
then performed repeated measures t-tests with Bonferroni correction to determine
which two agents had a statistically significant difference regarding variables that
had a significant difference. “*” in the figure means there were significant differ-
ences between the two scores (p << 0.01). The most important result here is
the score for perceived autonomy. From this result, we can see that participants
felt they had more autonomy during the tasks when collaborating with the im-
plicit guidance agent than with the explicit guidance one. These results are strong
evidence in support of hypothesis H2.

Although the other results do not directly concern our hypothesis, we discuss their
analysis briefly. Regarding the perceived inference of the human’s intentions, the
results were basically as expected, but for the perceived inference of the agent’s
intentions, the fact that there were no significant differences among all agents was
unexpected. One hypothesis that explains this is that humans do not recognize
guidance information as the agent’s intention. As for the perceived ease of col-
laboration, the results showed that explicit guidance had adverse effects on it.
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Implicit guidance agents and supportive agents use exactly the same interface,
though the algorithms are different, but explicit guidance agents use a slightly dif-
ferent interface to convey guidance, which increases the amount of information on
the interface a little. We think that the burden of understanding such additional
visible information might be responsible for the negative effect on the perceived
ease of collaboration.

5.5 Discussion

As far as we know, this is the first study to demonstrate that implicit guidance has
advantages in terms of both task performance and the effect of the agent on the
perceived autonomy of a human in human-agent teams. In this section, we discuss
how our results relate to other studies, current limitations, and future directions.

The results in 5.4.1 show that both implicit and explicit guidance increase the suc-
cess rate of a collaborative task. We feel one reason for this is that the quality of
information in the guidance is appropriate. A previous study on the relationship
between information type and collaborative task performance [21] showed that
“implicit coordination” improves the performance of a task more than “explicit
coordination” in a cooperative task. The word “implicit” refers to coordination
that “relies on anticipation of the information and resource needs of the other
team members.” This definition is different from ours, as implicit coordination is
included in explicit guidance in our context. The study in [21] further divided
implicit coordination into deliberative communication, which involves communi-
cating objectives, and reactive communication, which involves communicating sit-
uations, and argued that high-performance teams are more likely to use the former
type of communication than the latter. We feel that the quality of information in
implicit guidance in our context is the same as this deliberative communication in
that it conveys the desired target, which is one of the reasons the performance of
our guidance can be good.

The main concern of human-agent teams is how to improve the performance on
tasks. However, as there have not been many studies that focus on the effect of
the agent on cognition, the results in 5.4.2 should make a good contribution to
the research on human-agent teams. One of the few studies that have been done
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investigated task performance and people’s preference for assigning tasks in a co-
operative task involving a human and an AI agent [67]; the authors mentioned the
risk that a worker with a robot collaborator may perform less well due to their loss
of autonomy, which is something we also examined in our work. They found that
a semi-autonomous setting, in which a human first decides which tasks they want
to perform and the agent then decides the rest of the task assignments, is more
satisfying than manual control and autonomous control settings in which a human
and robot fully assign tasks. In cooperation with the implicit guidance agent and
the supportive agent in our study, the human selects the desired target object by
his or herself. This can be regarded as a kind of semi-autonomous setting. Thus,
our results are consistent with these ones in that the participants felt strongly
that cooperation was easier than with explicit guidance agents. Furthermore, the
above study also mentioned that task efficiency has a positive effect on human
satisfaction, which is also consistent with our results.

This study has limitations in that the experimental environment was small and
simple, the intention model was a small discrete set of target objectives, and the
action space of the agent was a small discrete set. In a real-world environment,
there is a wide variety of human intentions, such as target priorities and action
preferences. The results in this paper do not show whether our approach is suffi-
ciently scalable for problems with such a complex intention structure. In addition,
the agent’s action space was a small discrete set that can be distinguished by
humans, which made it easier for the human to infer the agent’s intention. This
strengthens the advantage of implicit guidance, so our results do not necessarily
guarantee the same advantage for environments with continuous action spaces.
Extending the intention model to a more flexible structure would be the most
important direction for our future study. One of the most promising approaches
is integration with studies on inverse reinforcement learning [68]. Inverse rein-
forcement learning is the problem of estimating the reward function, which is the
basis of behavior, from the behavior of others. Intention and purpose estimation
based on the Bayesian theory of mind can also be regarded as a kind of inverse
reinforcement learning [69]. Inverse reinforcement learning has been investigated
for various reward models [55, 70–72] and has also been proposed to handle uncer-
tainty in information on a particular reward [73]. Finally, regarding the simplicity
of our experimental environment, an interesting direction for future work would
be using environments that are designed according to an objective complexity fac-
tor [74] and then analyzing the relationship between the effectiveness of implicit
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guidance and the complexity of the environment.

Another limitation is the assumption that all humans have the same fixed cogni-
tive model. As mentioned earlier, a fixed cognitive model is beneficial for ad-hoc
collaboration, but for more accurate collaboration, fitting to individual cognitive
models is important. The first approach would be to parameterize human cogni-
tion with respect to specific cognitive abilities (rationality, K-level reasoning [75],
working memory capacity [76], etc.) and to fit the parameters online. This would
enable the personalization of cognitive models with a small number of samples.
One such approach is human-robot mutual adaptation for “shared autonomy,” in
which control of a robot is shared between the human and the robot [77]. In that
approach, the robot learns “adaptability,” which is the degree to which humans
change their policies to accommodate a robot’s control.

Finally, the survey items we used to determine the effect of the agent on perceived
autonomy were general and subjective. For a more specific and consistent anal-
ysis of the effect on perceived autonomy, we need to develop more sophisticated
survey items and additional objective variables. Multiple consistent questions to
determine human autonomy in shared autonomy have been used before [10]. As
for measuring an objective variable, an analysis of the trajectories in a collabo-
rative task would be the first choice. A good clue for the perceived autonomy in
trajectories is “shuffles.” Originally, shuffles referred to any action that negates the
previous action, such as moving left and then right, and it can also be an objec-
tive variable for human confusion. If we combine shuffles with goal estimation,
we can design a “shuffles for goal” variable. A larger number of variables means
that a human’s goal is not consistent, which would thus imply that he or she is
affected by others and has low autonomy. In addition, reaction time and biometric
information such as gaze might also be good candidates for objective variables.

Another limitation of this study is that we assumed that humans regard the agent
to be rational. One approach to solving this is to use the Bayesian theory of mind
model for irrational agents [78].
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6
Extension of Planning with

Implicit Guidance for Complex
Tasks

This chapter explains our second and third studies. Section 6.1 is about our second
study, which is the extension of the model for theory of mind. Section 6.2 is about
our third study, which is the extension of collaborative planning.

6.1 Extension of Theory of Mind for Complex
Situations

Bayesian theory of mind, described in Sec. 3.4.2, can capture human perception in
various situations. However, this approach may differ from human perception in
some complex situations. In this section, we show an example of such a situation
and an extension of Bayesian theory of mind to capture human perception better
in the situation.
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(c) + + =

(a) Target = Green (b) Target = Orange??

Figure 6.1: Complex environment in which Bayesian inverse planning is mis-
taken for model human inference

6.1.1 Example of Complex Situation Settings

Figure 6.1 is one example of a situation in which the existing Bayesian Theory of
Mind is not suited to capturing human perception.

This difference is due to the fact that observers cannot completely recognize the
rationality of actors when a problem is complicated. In the above example, there
are many plans to achieve one goal, but it is difficult to evaluate all plans. For
this reason, human inference is affected by a bias towards “easy to predict” plans.
This means that humans only consider a few plans in which they can easily predict
the plan. This is an example of bounded rationality [3].

To capture human bounded rationality, we modify the existing Bayesian theory of
mind model to implement the bias to increase the probability that a plan can be
easily predicted from observed actions. We call the model the plan predictability
oriented model, and we call the existing model the full inverse planning model.

6.1.2 Notation and Problem Setting

We denote a set of people’s goals as G and a set of actions as A. Action sequences
are represented as a ∈ A+, and a set of all plans to achieve goal g ∈ G is represented
as Pg. Since plans are a kind of sequence, Pg ⊂ A+
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This objective is a posterior probability given an observed action sequence the
same as Bayesian theory of mind. The difference from Eq. 3.24 is that action
changes into an action sequence.

P (g|a) (6.1)

6.1.3 Calculation of Full Inverse Planning Model

Using Eq. 3.25, the objective can be calculated as follows.

P (g|a) ∝ P (a|g)P (g) (6.2)

We assume no prior knowledge about the other person’s goal. In other words,
we assume P (g) as a uniform distribution. Therefore, we can ignore P (g) from
Eq. 6.1. To calculate this, we assume that a human makes a plan in advance
and executes their actions according to the plan. Thus, we can factorize P (a|g)
into the probability of a plan to be considered achieving g and the probability of
executing a under the plan. The following equation is obtained when summarizing
this factored probability for all available plans.

P (a|g) ∝
∑
p∈Pg

P (a|p)P (p|g) (6.3)

P (a|p) and P (p|g) are according to Boltzmann noisy rationality.

P (a|p) = exp (βQp,g(a))∑
p′∈Pg

exp (βQp′,g(a))

P (p|g) = exp (βQg(p))∑
g′∈G exp (βQg′(p)) (6.4)

Qg(a), Qp,g(a) corresponds to the action value function given g and g, p respec-
tively. Note, p is plan to achieve specific goal. In other words, if plan decided, the
corresponding goal also comes uniquely. thus we can deal Qp,g(a) as Qp(a)
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Figure 6.2: Graphical model of P (a|g) for (a) Full Inverse Planning Model
and (b) Plan Predictability Oriented Model.

6.1.4 Calculation of Plan Predictability Oriented Model

In Plan Predictability Oriented Model, Eq. 6.1 is same, however the way to
calculate of P (a|g) is different to integrate a bias that people prefer predicable plan.
Predictability of plans is the probability of plan with observing action sequences,
thus that is p(p|a). We use this instead of P (a|p), thus we earn the following
equation.

P (a|g) ∝
∑
p∈Pg

P (p|a)P (p|g) (6.5)

Here, We use simple Boltzmann Noisy Rationality for P (p|a). That is

P (p|a) = exp (βQp(a))∑
a∈A+ exp (βQp(a)) (6.6)

Figure 6.2 shows the difference of a graphical model of the likelihood of the action
sequence given by goal P (a|g). In Full Inverse Planning Model, we use the forward
generative process for full rational humans to calculate the likelihood as shown as
showing Figure 6.2 (a). In the model, humans decide their plan in advance, and
then humans do actions according to plans. On the other hand, as Figure 6.2 (b),
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(a) (b) (c) (d)

Figure 6.3: Example of “item creating” scenarios (for task (4, 2, 2)).

in Plan Predictability Oriented Model, there is a dependency from action sequence
to plans.

We assume that humans cannot calculate others’ goals on the basis of the full
inverse planning model because the model needs all plans of Pg and it is almost
impossible to enumerate all plans for humans in a complex situation. Humans
consider several plans to estimate the goals of others and tend to consider plans
that they can predict easily. That is the reason for the dependency of the observed
action sequence into plans.

6.1.5 Experiment

To compare the full inverse planning model and the plan predictability oriented
model for human cognition, we did subject experiments. For these experiments,
we considered “item creating” scenarios.

53



Chapter 6. Extension of Planning with Implicit Guidance for Complex Tasks

Full Inverse Planning Model 0.765 (p� 0.0001)
Plan Predictability Oriented Model 0.916 (p� 0.0001)

Table 6.1: Pearson correlation between full Bayesian model and plan predic-
tion oriented model with human inferences

In Fig. 6.3, the upper figure is an example of an item creating scenario. The
environment in this scenario is one kind of grid world. There is one agent and
several parts for items in either grid, and there is not more than one part in the
same grid. Here, the agent is represented by a purple hexagon. There are four
types of parts (square, triangle, small rectangle, circle), and there are two to three
colors for each type.

The goal of the agent is to create a “goal product” that it wants to create. The
goal product consists of two to four types of parts with only one used for each
type: (square, triangle), (square, triangle, small rectangle), and (square, triangle,
small rectangle, circle). The agent moves to collect the parts that are necessary
for the agent’s own “goal product.” The agent has a priority to collect the items.
The agent collects the parts in the order of square, triangle, small rectangle, and
circle. There are multiple objects of the same color and the same type in the
environment; thus, there is a more than one combination of objects for generating
one object.

Participant

We recruited participants for this study using Yahoo! Crowdsourcing. Valid par-
ticipants were 47 adults located in Japan (13 male, 29 female, 5 unknown). The
mean age was 39 years old.

Procedure of experiment

Experiments were conducted on the Web via browser application we made. Sub-
jects were instructed the rule of agent behavior then underwent a confirmation
test to check their degree of understanding. In this test, participants judged to
not understand the rules were given the instructions again. The participants who
passed the confirmation test entered the actual experiment phase. In the actual
experiment phase, participants saw the environment, part of the agent’s movement
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Figure 6.4: Inference of human and computational models for task (4, 2, 2)

Full Inverse Planning Model -0.714 (p = 0.03)
Plan Predictability Oriented Model 0.116 (p = 0.76)

Table 6.2: Pearson correlation of “Pearson correlation of human inference with
each models” with task complexity factor k − n

path collecting parts, and four target candidates for the agent’s “goal product”
simultaneously. The subjects selected one that they considered most likely to be
the agent’s “goal product” from the candidates. Also, participants scored the de-
gree of likelihood that they estimate the candidate is the agent’s “goal product”
for all the candidates. We adopted a seven-degree score for the evaluation.

Before analyzing the participants’ results, we excluded the results of the partici-
pants who were invalidated. We defined invalid participants as those who (a) gave
the same evaluation score to all the candidates or who (b) did not give the highest
evaluation score to the selected candidate as the most likely candidate.

Stimuli

We prepared nine stimuli (tasks) with different task complexities. There were
three variables that affected the task complexity. k was the number of types of
parts included in the agent’s goal product, n was the number of types of parts
included in the agent’s path, and c was the number of colors of parts that were
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Figure 6.5: Pearson correlation between full inverse planning model and plan
predictability oriented model with human inferences for each task

not [corrected — collected?] by the agent yet. We designed nine combinations of
complexity for variables k, n, and c. There were (2, 1, 2), (3, 1, 2), (3, 2, 2), (4,
1, 2), (4, 2, 2), (4, 3, 2), (2, 1, 3), (3, 2, 3), and (4, 3, 3). In addition, we made
a stimulus corresponding to each combination. In task c = 3, the only kind of
part that was not yet collected by an agent had three colors. The example in Fig.
6.3 is task (4, 2, 2), and the purple line in the upper figure corresponds to the
movement of the agent.

We designed the placement of parts within the environment and the agent’s path
within the task to differ in terms of the inference of the most likely goal product
with the full inverse planning model and plan predictability oriented model. We
chose four candidates according to four policies: (1) the most likely candidate
for the full inverse planning model, (2) the most likely candidate for the plan
predictability oriented model, and (3, 4) the candidate that had a low probability
for both models. The lower figures in Fig. 6.3 are examples of candidates for the
agent’s goal product in task (4, 2, 2).
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Model

In the item creating scenario, G corresponds to a set of goal products, and A
corresponds to a set of individual parts. Pg is a set of all available combinations
of parts to build a goal product g. Since there is more than one combination of
objects for generating one object, ∀g, |Pg| > 1. Here, we defined Qg(p) as −cost(p).
cost(p) is the shortest path length of p. Qp(a) is −cost(p − a). p − a means a
remaining plan of p after a. We set rational parameters β1 = 0.3, β2 = 0.3, and
β3 = 0.4.

6.1.6 Result

We evaluated the two models in a comparative experiment by comparing partici-
pant scores. For comparison, we made a human score vector and model probability
vector. The human score vector consisted of the participants’ scores serialized over
all results (thus, the length of the vector was 36) without any normalization. We
used the average vector of human score vectors for all valid participants. To make
the model probability vector, we extracted the probabilities of candidate for each
task and serialized them (the length of the vector was also 36). Table 6.1 is a
Pearson correlation of the averaged human score vector between model proba-
bility vectors for the two models. The results show that the plan predictability
oriented model had a much better correlation with human inference. Figure 6.4
is specific result for task (4, 2, 2). Blue and green are the probability calculated
by each computational model, and the red bar is the average of the participants’
score. This figure also shows a good correlation of human inference with the plan
predictability oriented model. We also executed a significance test. First, we
calculated the Pearson correlation between human score vectors and model prob-
ability vectors for all valid participants. Thus, we obtained two sets of Pearson
correlations for the two models. Then, we executed t-tests on the sets. The p-value
was 0.03 (< 0.05). Thus, we confirmed that there was a significant difference in
the correlation with the two models.

Relation of task complexity

Next, we calculated the Pearson correlation of human inference with both models
for each task. We averaged the human score and model probability vectors for
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Figure 6.6: Scatter plot of Pearson correlation between full inverse planning
model and plan predictability oriented model with human inference for each

participant

each task and calculated the Pearson correlation using these vectors. Figure 6.5 is
the result. First, the results show that the plan predictability oriented model had
a much better correlation with human inference for all the tasks. The full inverse
planning model had a low correlation with human inference in tasks (3-1-2), (4-
1-2), and (4-2-2) in particular. The common factor in these tasks was that the
remaining number of kinds of parts, which is represented as k− n, was more than
one.

Table 6.2 is the Pearson correlation of human inference with each model with
k − n. In other words, it is the correlation between the values in Fig. 6.5 and
k − n. The full inverse planning model had a strongly negative correlation with
k−n. k−n is strongly related to the future available paths of an agent. This means
that this model is not effective for tasks that have many future available paths.
This matches with the intuition that humans may think bounded-rationally, not
full-rationally, in complex situations. The plan predictability oriented model did
not have such negative correlation with k − n. This means that this model is not
affected by task complexity.
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Figure 6.7: Histograms for number of participants for each best predictability
bias

Confirmation of individual differences

We calculated the Pearson correlation of human inference with both models for
each participant. Figure 6.6 is a scatter plot of the results. The dotted line on the
plot shows the boundary where the correlation between both models was equal.
Most of participants are in the upper left of the plot. This means that most of
the participants’ inferences had a good correlation with the plan predictability
oriented model. Some participants are in the lower right, which means that this
model could not model these participants. These participants could rationally
recognize other people’s intentions completely in this experiment, so they had a
good correlation with the full inverse planning model. These results suggest that
there are individual differences in peoples’ bounded rationality.

We made multiple plan predictability oriented models that had different β3. β3 is
the parameter for the plan predictability bias. The range of β3 was from 0.0 to 1.0
increments 0.1. Figure 6.7 shows histograms of the number of participants who
had the best correlation with the model with β3. It shows that many participants
had a strong bias, but some had a small bias or no bias. Table 6.3 is the average
Pearson correlation of each participant’s result with the models. Here, (same)
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Full Inverse Planning Model 0.513
Plan Predictability Oriented Model (same) 0.638

Plan Predictability Oriented Model (individual) 0.738

Table 6.3: Average Pearson correlation of human inference between models
for each participant

means we used the same value as β3, and (individual) means we used the best
value as β3 for individual users. The individual setting had a higher correlation
with humans than the same correlation. This suggests that the adaptation of the
bias can improve our model.

6.1.7 Discussion

Essentially, the full inverse planning model differs from human cognition in situa-
tions in which there is a difference in the rationality of the actor and the observer.
Since forward planning to take action towards a particular goal is generally easier
than inverse planning to infer causes from observed actions, these situations might
always happen. Therefore, we think that the model is useful for many situations.
Additionally, our computational model is based on the inverse planning model and
simple plan prediction, so our model has the potential to adapt to various situ-
ations. However, we showed the actual effectiveness only under an item creating
scenario. This scenario is one example environment that has a grid geometric ra-
tionality and sequential planning. Explicitly sequential planning is the most basic
planning, and a lot of human planning is based on sequential planning. Grid geo-
metric rationality and sequential planning are often used for theory of mind [54].
Therefore, we think that our model can be used in a broad range of situations.

Understanding how human infer others’ intentions is useful for considering good
actions for collaboration with others. In the cognitive science area, there is research
on how humans behave when they want to communicate their goal or purpose [28].
In the artificial intelligence and robotics areas, research on collaborative planning
is more popular and important. For example, “legibility” was proposed [79]. This
is a measure of the human expectation toward robots’ intentions or goals based on
their behavior. Additionally, there are works on using legibility for planning [80].

The expansion of our model for larger and more complex tasks would a very
interesting direction for our future work. Introducing hierarchical planning is
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a promising approach. Our model can be considered one type of hierarchical
modeling in which the inference of plans is regarded as an intermediate layer.
The hierarchical predictive coding framework [81] is one example of a hierarchical
model for human cognition. This model has multiple inference layers with different
abstraction levels, and it executes step-by-step inference using MAP estimation.
Similarly, our model can be expanded with multiple planning layers. Checking
whether such a model would be better for modeling human cognition would be an
interesting next research step.

A deeper analysis of individual rationality would also be interesting. We just
demonstrated that human rationality differs from person to person. However,
there might be some factors that decide the degree of bias. Seeking such factors
and improving our model by implementing them would be a very valuable study.

6.2 Extension of Planning Algorithm

In a realistic problem, a human might have their goal or preference for action,
which is hidden from the agent. In this case, the agent lacks the information to
calculate the best plan. Thus, the agent has to infer information from the human
from the behavior of the human. We extend the human-agent teaming problems
described in Chapter 4 by implementing the information.

From a different point of view, human-agent teaming is a problem in which the
human lacks information on the reward. Therefore, we can model the extended
human-agent teaming problem as a problem in which the agent and human have
their own reward information. To calculate the best plan, they have to know each
other’s informatio

Furthermore, we add one assumption for human behavior. In the setting described
in Chapter 5, we assumed that humans act to achieve their current likely goal.
However, in realistic situations, humans tend to act to share their action for better
collaboration [47, 80]. This is the same concept as our implicit guidance. Thus, we
assume that humans also decide their action in consideration of sharing their infor-
mation through their behavior. All assumptions considered, human-agent teaming
can be formalized as the human and the agent exchanging their information with
each other through their behavior.
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Figure 6.8: Example of extended human-agent teaming scenario

Figure 6.8 (A) is an example of the extended human-agent teaming scenario. This
task is to gather parts to build one object from among recipes. The human has
an intended object shape, and the agent does not have this information. Instead,
the agent has information on which parts are low in cost. Figure 6.8 (B) is a
situation in which the human moves down to make their object, at which point
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the agent discovers the human’s objective and chooses the best recipe. Figure 6.8
(C) shows the option for the agent to take action. If the agent considers only their
own performance, it should choose the blue path because it is the shortest path to
get the required parts. However, if the agent chooses this path, the human cannot
determine which parts the agent wants to get, and this may cause the human to
get the wrong parts for the best recipe. To avoid this, the agent should take the
red path in order to reveal the information that the agents want to get in the black
parts.

6.2.1 Updated Problem Setting

We extended the CIRL model for our human-agent teaming problem by adding
a factor for specific reward information to the agent. Formally, the human-agent
teaming problem is represented as a tuple < X , {AH ,AA}, T, {ΘH ,ΘA, R}, γ >.
ΘA is a set of reward parameters observable only by the agent, and the reward
function considers these parameters. Formally, this is R(x, aH , aA, θH , θA). Other
notations are the same as CIRL.

6.2.2 Bellman update for Human-Agent Team

We modify the Bellman update of CIRL in Sec. 3.3.2 further. In our problem, the
human cannot access the reward parameters of the agent, so the human cannot
plan their best actions. Therefore, we assume that the human infers the agent’s
intention from the agent’s action and uses the inference to calculate their best
action. We introduce such a human inference function into calculating a value for
the human. The value is updated as follows.

QH(x, aH , σ, θH) =
∑

θA∈ΘA

p(θA|x, aH , σ, θH)QH(x, aH , σ, θH , θA) (6.7)

QH(x, aH , σ, θH , θA)) is the value with fixing agent’s reward parameter with θA.
In other words, it is the value when the human knows the agent’s preference is
θA. This is the same problem as CIRL, so we can calculate it for all thetaA. This
value is calculated by using the Q-value and the Bellman update we describe in
Sec. 3.3.2.

p(θA|x, aH , σ, θH) is the human’s inference function.
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We can use any probability function in which the probability correlates with the
value as the human’s inference function. First, we use the function based on inverse
planning in Sec. 3.4. We first assume that the human infers the agent’s reward
parameter using only the first action in a conditional plan; then,

p(θA|x, aH , σ, θH) ∝ p(aA|x, θA, aH , θH) (6.8)

To calculate p(aA|x, θA, aH , θH), the human needs to know the values of the agent’s
plan; however, the plan needs the agent’s belief for the human’s reward parameter.
This causes recursive calculation infinitely; thus, we implement the optimistic
assumption that a human assumes that an agent can infer the human’s reward
parameter perfectly in one step. Under this assumption, the human thinks that
the agent know human’s reward parameter at the next time step. In summary,
the probability of the agent’s action is calculated as follows.

p(aA|x, θA, aH , θH) = exp(βQ(b∗, x, aH , θA)∑
aA∈AA

exp(βQ(b∗, x, aH , θA) (6.9)

b∗(aH) = 1(θH = θ′H) ∀θ′H ∈ ΘH (6.10)

Note that the value function has additional dependance about the agent’s reward
parameter θA.

The basic process is like POMDP, and the additional computational cost is times
|ΘH | to calculate the max action. The total computational complexity is
O(|X ||ΘA||ΘH ||AA||V ′||AH||B|).

6.2.3 Applying Predictability Bias

As mentioned in Section 6.1 we can change the human inference function to
other probability distributions. We use an inference function inspired by plan
predictability bias as an alternative human inference function. The core idea is
omitting one Bayesian inference layer and considering the value only of the action
observed. In our problems, the layer to remove is the upper equation in Eq. 6.8.
Thus, we can obtain a human inference function based on predictability bias for
our problems.
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p(aA|x, θA, aH , θH) = exp(βQ(b∗, x, aH , θA)∑
θA∈ΘA

exp(βQ(b∗, x, aH , θA) (6.11)

6.2.4 Experimental

Scenario

To evaluate our method for a human-agent team with human cognition, we ex-
ecuted experiments with participants. For these experiments, we considered the
“human rescue” scenario. This scenario was a metaphor for a situation in a dis-
aster. The situation assumed that human-agent teaming was based on implicit
guidance since it is difficult to give fixed and explicit guidance in such situations.

Figure 6.9 is an example of the scenario. There are two fields represented as
graphs. The participant is in the left field, and the autonomous agent is in the
other. The lines represent roads, and the gray nodes represent step points along
the roads. The objects in the bottom half (yellow and pink) indicate participants
and agents. The objects in the upper side indicate victims. There are two types
of victims (blue and red). The objects on the lines indicate pollution on the road.
There are two types of pollution (brown and green).

The purpose of this scenario was for the human and agent to rescue as many
specific types of victims as possible. The objective on which type of victims should
be rescued was given to the participants. This corresponds to the human knowing
“What to do” for the problem. The scenario had another factor for evaluating
the quality of how the participant and agent performed a rescue, that is, the
pollution. The participants and agents had to keep their pollution as low as
possible. There were two types of pollution, and the degree of pollution was
different. The agent had information on the degree of pollution as the agent
preference. This corresponds to the agent knowing “How to do it” for the problem.
Rescuing many victims took priority over keeping pollution low. This means that
“What to do” took priority over “How to do it” in the problem.

One step of action is moving from node to node or to victims. The human and
agent take action in turns. They can move only to the upper side. This means that
the participant cannot go back and retry choosing a path. Thus, for collaboration
to be good, predicting the other’s information is an important factor.
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Figure 6.9: Example of “human resque” scenario.

Model

We modeled each scenario as a human-agent teaming formulation. The action
space corresponded to one-step actions, the state space corresponded to a combi-
nation of past trajectories of humans and agents, the reward parameter for humans
corresponded to an objective for the target victims that should be rescued, and
the reward parameter for the agents corresponded to the preference on the degree
of pollution. The reward for rescuing target victims was 400, and the rewards for
passing through awful and normal pollution were -100, -10.

Types of agents

We prepared four types of agents that had other collaborate algorithms. Two of
the algorithms were based on our method, and the other two were alternative
algorithms.

(A) Our method with predictability bias: This agent used the modified Bell-
man update for CIRL with a Q-value including human inference for human-agent
teams and used predictability bias as a human inference function. We adopted a
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perfect rational policy as human policy πH . The policy was the same as agents
(B) and (C).

(B) Our method without predictability bias: This agent used a modified
Bellman update for CIRL with a Q-value including human inference for human-
agent teams and used inverse planning as the human inference function.

(C) Optimistic CIRL: This agent used a modified Bellman update for CIRL with
a Q-value without human inference. To calculate this, an agent reward parameter
was needed. We used grand truth, which the agents had. This means that agents
expected humans to infer the information of the agents. This is too optimistic for
comparison with reality.

(D) Simple Min-Max : A simple heuristic algorithm that assumes that humans
take the worst action for the agents in all possible human’s goal. Formally,

aA = πminmax(x) = argmaxaA∈AA
Qmin(x, a) (6.12)

In this equation, Qmin(x, a) can be calculated as follows.

Qmin(x, a) = minaH∈AH
Qmin(x′, πminmax(s′)) (6.13)

x′ is the next state after x.

Stimuli

We prepared three types of stimuli (graphs) that needed different collaborative
scenarios as follows.

(1) Agent waits for information on human objective first: The agent should
know the human’s objective before giving their preference. Therefore, the agent
should behave in such a way as to be able support any kind of objective, and the
human should behave in such a way as to reveal their objective as soon as possible.

(2) Agent shows their preference first: The human should know the agent’s
preference before selecting the best path. Therefore, the agent should behave in
such a way as to reveal their preference as soon as possible even if the action is
sub-optimal for the agent.
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(3) Agent shows wrong preference to encourage human behavior: The
agent should know the human’s objective as soon as possible. However, to reveal
the human’s objective, the human should go to a less preferable side as per the
agent’s preference. Therefore, the agent should behave in such a way as to reveal
the wrong preference. Figure 6.9 is an example of collaborative scenario (3). In
this figure, the human has to rescue the blue victims, and brown pollution is more
awful than green pollution. For the best collaboration, the agent should know the
human’s objective before the human takes a third action. To reveal the objective
to the agent at an appropriate timing, the human should be go to the left side.
To encourage the human to go left, the agent had better go left even though the
brown pollution is more awful.

We made three types of graphs carefully in which each collaborative scenario had
the best behavior. Additionally, for (1) and (2), we made two routes in which the
human was told of the agent’s preference. One route was preferred by predictability
bias, and the other route was preferred by the inverse planning model. Therefore,
planning with predictability bias and without was different in (1) and (2).

Participants

We recruited participants for this study using Yahoo! Cloudsourcing. Valid par-
ticipants were 71 adults located in Japan (36 male, 21 female, 14 unknown). The
mean age of participants who answered a questionnaire was 41 years old, and 60
participants answered the questionnaire for objective evaluation.

Procedure of experiment

Experiments were conducted on the Web via a browser application we made. Par-
ticipants were instructed on the rules of agent behavior and then underwent a
confirmation test to confirm their degree of understanding. In this test, partic-
ipants who were judged to not understand the rules were given the instructions
again. The participants who passed the confirmation test entered the actual ex-
periment phase. In this phase, they saw the environment and clicked the “start”
button first. After clicking button, the agent took one step forward. Then, the
participants were asked “where do you want to go?” After the participants de-
cided their step, the agent went forward one step again. Continuing this process,
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Figure 6.10: Average reward of collaborative task

when participants reached the top of the field, they got the next scenario. They
then took a survey on the agent by using a questionnaire for subjective evaluation.
Participants were asked how easy it was to collaborate with the autonomous agent
for each agent. We adopted a seven-degree score for the survey.

Before analyzing the participants’ results, we needed to exclude the results of the
participants who were invalidated. We defined invalid participants as participants
who took the same action each time. In this case, there were no invalidated
participants.

6.2.5 Result

Objective evaluation

First, we evaluated the performance of the collaboration. We summarized the
actual reward for the collaboration task for each stimuli and agent and averaged
it. Figure 6.10 is the result. Oracle means the performance of the best route,
which is that in which the human and agent had all on the information on the
reward. In other words, this is the theoretical best score for the scenario.
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Figure 6.11: Difference in human destinations between our method without
predictability bias and optimistic CIRL

Figure 6.9 shows that our method with predictability bias had the best perfor-
mance in all collaboration scenarios. In particular, the result of scenario (3) shows
that the two agents based on our method had significantly better performance
than the optimistic CIRL. In scenario (3), our method revealed the wrong pref-
erence to humans to get their objective as soon as possible. However, optimistic
CIRL did not do this because CIRL does not assume that humans infer agents’
preferences. To more concretely analyze this, we show concrete human behavior
in collaboration with our method without predictability bias and optimistic CIRL
in Fig. 6.11. The numbers above victims indicate the number of participants
who went to the victims. Figure 6.11 shows that participants tended to go to
the left during collaboration with our method. The agents based on our method
went to the left first in Fig. 6.9 despite the fact that the agents wanted to avoid
brown pollution. This means that our method revealed the wrong preference to
the participants to encourage them to take a more preferable way to perform the
task. In comparison, CIRL does not assume that humans infer the preferences of
agents, so the agents took the best action (go right). As a result, the participants
indicated the right side, so the agents could not meet their objective at a proper
timing. This is one example in which our method can lead to good collaborative
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(1) (2) (3)
Ours (with Predictability Bias) 296.3 378.4 266.2

Ours (without Predictability Bias) 447.8 440.6 315.0
Optimistic CIRL 405.6 376.4 349.4

Min-Max 315.7 297.1 306.2

Table 6.4: Standard deviation of average rewards of collaborative task
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Figure 6.12: Ratio between expected and real rewards for each stimuli and
agent

planning, which cannot be done with optimistic CIRL.

Next, we evaluated the stability of the collaboration. Table 6.4 is the standard
deviation of the rewards of the collaborative task. This result shows that our
method with predictability bias had lower variance than our method without pre-
dictability bias and optimistic CIRL. We think that the reason is that our method
can encourage human behavior well by revealing the agent’s preference, so the
variance became low. The Min-Max algorithm also had low variance. The reason
is that the algorithm is less adaptive, so the agents tended to take the same action.

To evaluate the quality of encouraging humans more deeply, we calculated the
ratio between the expected reward of each algorithm and the real reward. For our
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Figure 6.13: Statistical summary of participant’s evaluation score for each
agent

method and CIRL, the estimated reward was the value at the start point. The es-
timation was done by considering the prediction of human behavior, so if the ratio
is near 1, it means that the agent can infer the human’s future behavior accurately.
In other words, the agent can encourage human behavior accurately. The result
is shown in Fig. 6.12. This figure shows that our method with predictability bias
had the best ratio, meaning that our method can encourage human behavior well.
That is one piece of evidence that using a cognitive model encourages humans
well.

Subjective evaluation

We also executed a subjective evaluation by using the survey results. We sum-
marized the evaluation score from the participants for each agent. Figure 6.13 is
the average of the participants’ evaluation score for each agent. This shows that
our method, especially with predictability bias, had a higher score than the other
methods. This indicates that the cognitive model could improve peoples’ impres-
sion of collaboration. In addition, we checked for a significant difference using
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the Bonferroni method with a t-test. The result is also in Fig. 6.13. “*” repre-
sents p < 0.05, and “**” represents p < 0.01. There was no significant difference
between our method without predictability bias and optimistic CIRL. However,
there was significant difference between our method with predictability bias and
optimistic CIRL. This means that we can make an agent that is more subjectively
collaborative when combined with a cognitive model. This would be a positive
result that bridges artificial intelligence and cognitive science.

6.2.6 Discussion

The biggest limitation of our method is that the class of agent preferences is a
discrete set. This means that the human knows all candidates of agent preferences
and has details on the reward parameter for all candidates. This is non-realistic
in almost all situations. In particular, “how to do it” is difficult to represent as a
discrete set, so this limitation should be a big problem.

The scalability of the algorithm comes next as a limitation. Since our method is
based on a simple value iteration of POMDP, we can use a promising approximate
solution such as SARSOP [82] and POMCP [83] to solve huge problems. However,
POMDP planning generally has high computational costs, so our method is lim-
ited by the size of the application. State abstraction methods for POMDP [84] are
an approach to reducing computational cost. In recent years, the deep neural net-
work has been used to solve POMDP problems. Essentially, the state of POMDP
is a history of observations. Thus, [they represent the information of history is
represented by using an RNN structure and culculated using a deep reinforcement
learning approach [85]. This approach uses an approximate method [86]. Fur-
thermore, there are studies on modeling the overall planning process as a neural
network [87]. These approaches are useful for approximation and abstraction.

Inference depth might be also limitation of our method. Speaking in the context of
I-POMDP, our method considers only one level nest of a belief structure. Cutting
off the nest of a belief structure might decrease performance in a collaboration.
However, in recent research, human inference is not that deep [18, 19]; thus, we
think this is not much of a problem.
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7
General Discussion

This chapter is a general discussion. Section 7.1 refers to the primary limitations
of our current method. Section 7.2 discusses which situation is effective for implicit
guidance in human-agent teaming. Section 7.3 introduces potential applications
for the future.

7.1 Limitation

As described in the above discussions, the experiments in this dissertation were
simple and small; thus, it would be difficult to apply our method to larger and
more complex situations such as the natural environment. Thus, more study
is needed to extend the problem coverage and increase the calculation efficiency
(approximation algorithm, abstraction of the problem, etc.).

Furthermore, there is correspondence for the dynamic and unknown situation as
a current essential challenge. We assume the agent knows the problem setting
ultimately then calculate the likelihood of a human’s decision and inference in ad-
vance. However, in real problems, the situation changes every second. Thus, it is
difficult to precalculate using enough time. For a stable agent, it needs bounding
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pre-calculation time. One solution is anytime algorithm [88] which returns approx-
imative solution in fix time. Anytime algorithm is studyed for POMDP[46, 83],
I-POMDP[17]. Reusing precalculated results is another solution. The change of
environment is loose, not drastic in most real situations. Thus it is likely able
to use the precalculated result for the previous environment. There is a study
about a POMDP-based agent to use the plan cache for noisy environments [89].
That is a clue to reuse previous results. Moreover, abstraction using the recent
deep learning technique is a good direction. Recently, some studies to implement
ad-hoc robust support agents based on neural network model [90]. For example,
we can consider the improvement of our implicit guidance agent more robustly
using incremental learning based on precalculated policy.

7.2 Valuable Situation for Implicit Guidance Agent

This dissertation mainly focused on balancing human autonomy and improving
task performance as the advantages of implicit guidance for human-agent teaming.
Moreover, we also showed that implicit guidance is valuable for improving task
performance in complex situations. However, there are many other situations
where implicit guidance works to enhance communication.

The most typical case is when it is difficult to build a stable protocol or mecha-
nism to communicate. Most communication is through predetermined protocols
and mechanisms. Similar to machine-to-machine communication, it goes without
saying that even human-to-human communication uses such protocols, that is,
language. Of course, humans can use non-verbal communication such as body
language; however, there needs to be common agreement in the culture, country,
community, and so on for the communication to be correct. Although our implicit
guidance is a part of non-verbal communication, it expects the human’s cognitive
functioning to be the source of communication. We think that this functioning is
less influenced by the difference in culture etc. Next, implicit guidance does not
need a specific mechanism for communication since the communication is based
on? observing others’ behavior. Furthermore, it does not need to observe oth-
ers’ actions directly; it can infer their actions indirectly by observing changes in
the environment. Observing the environment is an essential function for an au-
tonomous agent. Thus, it is shown that implicit guidance does not need a specific
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mechanism. Therefore, implicit guidance is valuable in situations that do not have
a specific communication protocol.

Another situation is when there is trouble communicating. In human-agent team-
ing, humans and agents have an actual purpose to achieve. In most cases, the
types of action for communicating differ from the actions toward the actual pur-
pose. Furthermore, the actions for communicating might be time-consuming. In
such cases, the need for explicit communication may become a burden to humans.
Implicit guidance uses the same types of actions to achieve an actual purpose;
thus, it could relieve humans of such a burden.

7.3 Potential Applications

We mainly focused on the balance between human autonomy and task performance
as the advantages of implicit guidance. From this perspective, the most promising
application domain is video games. Video games have many non-player characters
(NPCs) that assist or hinder the game player. In particular, an NPC that assists
the player is the agent in human-agent teaming. Human autonomy is an essential
factor for a player to enjoy video games. Likewise, playing better is also important.
Thus, a balance between performance and human autonomy is what the player
needs to have fun. Recently, some machine learning methods have been developed
in the video game domain for single play [91, 92] and team play [93, 94]. Recently,
video game environments have also been the focus of studies on ad-hoc human-
agent teaming. The game most focused on is “Overcooked! 2” [95], which is a
cooperative cooking simulation video game developed by Team17. In the game,
teams cooperatively prepare and cook orders in absurd restaurants. Players gather,
chop, and cook ingredients, combine them on plates, serve dishes, and wash dishes.
Players have to cooperate quickly and intelligently to play the game skillfully. Our
idea of implicit guidance is one way for smart cooperation. A multi-agent testbed
based on the game was developed [96], and Fig. 7.1 is a screenshot. This game
has many essential factors for good human-agent teaming, so many studies have
used simple environments based on this game situation [8, 11].

The application for education is also interesting, especially, a serious game [97]
which is a combination of education and game is an excellent potential application.
In a serious game, students learn specific topics through game playing. Some
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Figure 7.1: Video game testbed for Overcooked! 2

players may deviate from the proper learning path, but force adjusting students’
playing has the risk of decreasing students’ motivation. Implicit guidance has
the potential of crucial technology to avoid this risk. A serious game is also one
focused environment for multi-agent system study [98].

As described above, this study is a specific case of multi-agent communication,
especially ad-hoc coordination. Thus, it has potential for the same applications
as them. For example, autonomous driving is one of the hottest applications in
multi-agent planning problems [99]. Another advantage of implicit guidance is
that we do not need a specific protocol mechanism. This feature is important
for environments that include heterogeneous agents since it is difficult to build
communication protocols that can implement each other. A traffic environment
that has both autonomously driven cars and human driven cars is one typical
environment.

This study is closely related to “nudges” [100] in terms of guiding people to make
more rational choices instead of making wrong choices based on human irrational-
ity. The balance between performance and autonomy targeted in this study is
very close to the idea of “libertarian paternalism” [101] that underlies the idea of
nudges. Therefore, nudge technology has potential problems, such as the risk that
users will be led to the result that the designer wants. To avoid these risks, it is

78



Potential Applications

important to consider AI ethics to apply our methodology to practical applica-
tions, for example, avoiding using the technology for choices that are made on the
basis of personal values

79





Chapter

8
Conclusion

In this work, we demonstrated that a collaborative agent based on “implicit guid-
ance” is effective at providing a balance between improving a human’s plans and
maintaining the human’s autonomy. Implicit guidance can guide human behavior
toward better strategies and improve the performance in collaborative tasks. Fur-
thermore, our approach makes humans feel as though they have autonomy during
tasks, more so than when an agent guides them explicitly. We implemented agents
based on implicit guidance by integrating the Bayesian theory of mind model into
the existing POMDP planning. Furthermore, we extended the framework for more
realistic problems. First, we implemented a kind of egocentric “bounding ratio-
nality” factor, “plan predictability bias,” to the existing Bayesian theory of mind
model. Next, we implemented implicit guidance into the existing collaborative
planning algorithm for inferring humans’ reward information. This approach can
make an agent use implicit guidance in a problem where the human can infer the
specific intention of the agent through its behavior. We ran a behavioral experi-
ment in which humans performed simple tasks with autonomous agents, and we
confirmed that our proposed approach has an advantage compared with the ex-
isting approach. Our experiment environment was syntactic and small. Thus, our
approach might not be adopted for real applications soon. However, the method
we proposed under this theory is related to guiding humans’ behavior in a better
way naturally. Recently, life has been improved by artificial intelligence. AI is
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quite convenient, but a not small number of people are anxious toward a life that
is controlled by AI. We believe that our method can be a factor in improving our
world and be a key factor in manually helping the relationship between humans
and AI. There would be no greater happiness than if our thesis becomes one part
that improves the relationship between humans and artificial intelligence.
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