
CHAPTER VI

CONCLUSION AND FUTURE WORK

6.1 Summary

In this thesis, I studied risk-sensitive planning objectives in decision-theoretical planning.

Following the MEU principle, risk-sensitive planning objectives incorporate the risk atti-

tudes of human decision makers into planning, and thus overcome some of the shortcomings

of risk-neutral planning objectives, which are the focus of current decision-theoretic planning

research. Instead of starting from scratch, ideas from decision-theoretic planning under the

MER objective can be adapted to decision-theoretic planning under risk-sensitive planning

objectives. Using Markov decision processes as the formal model, I established theoretical

properties and developed efficient algorithms that make this possible. I demonstrated that

optimal plans under a risk-sensitive objective are different from those under a risk-neutral

objective, and that such plans can be constructed efficiently.

Chapter 3 studied risk-sensitive planning with exponential utility functions, which model

constant risk attitudes. I showed that existing decision-theoretic planners can be trans-

formed to take into account constant risk attitudes. The transformed algorithms bear

visual resemblance to the original algorithms but special conditions are needed to ensure

their validity. Moreover, different versions of the transformation are needed if the transition

probabilities are implicitly given: the pseudo-probability transformation for temporally ex-

tended probabilities and the pseudo-discount factor transformation for probabilities given in

a factored form. I showed that the main symbolic strategies in decision-theoretic planning

for solving large-scale planning problems can still be used for risk-sensitive planning with

constant risk attitudes, and the risk-sensitive versions of algorithms using such strategies

can be obtained using the transformation and its variants to transform their risk-neutral

counterparts.
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Chapter 4 studied risk-sensitive planning with more general utility functions, which

model variable risk attitudes. Using a state-augmentation approach, I showed that a func-

tional interpretation of value functions and piecewise linear approximation methods can be

used to solve planning problems efficiently, based on backward induction (for finite planning

horizons) and value iteration (for infinite planning horizons and asymptotically constant,

linear, or exponential utility functions). For one-switch utility functions, I also obtained an

exact method similar to backward induction, based on results for planning with general,

exponential, and linear utility functions.

Chapter 5 studied risk-sensitive planning with arbitrary rewards, while Chapter 3 and

Chapter 4 considered risk-sensitive planning with negative and positive models. For prob-

lems with arbitrary rewards, the theoretical foundation is incomplete. In this chapter, I

proposed different sets of conditions that form a spectrum and showed that under these

conditions, the values of stationary policies exist and are finite. I also conjectured that

under these conditions, the values of all policies and thus the optimal values exist and are

finite.

6.2 Future Work: Short Term

This thesis developed theories and algorithms for risk-sensitive planning. The treatment is,

however, far from complete. Here we list some possibilities for future research.

6.2.1 Theoretical Results

The convergence rates of the algorithms we presented in this thesis, especially those based

on value iteration, are unknown. Although we know that these methods converge to the

optimal values or an optimal policy, and even that methods for exponential utility functions

converge at a geometric rate, it is not clear how close the results are to the optimal ones.

Recent results for the MER objective (Bonet, 2002) suggest that the convergence rate can

be estimated by examining how the values change over time.

For planning with arbitrary rewards, we need to investigate the conjectures for the

existence and finiteness of the optimal values. The concepts of recurrent and transient

states need to be extended for the induced random processes under a general HR-policy.
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6.2.2 Solution Methods

In Chapter 3, we applied the transformation approach to methods using symbolic strategies

such as heuristic search, temporal abstraction, and state abstraction. Another class of

methods for large-scale problems have numerical strategies such as function approximators

and direct policy search. It is worthwhile considering methods that use numerical strategies,

since they can be more efficient for some types of problems than symbolic strategies. The

main challenge is to show under what conditions such methods converge.

In Chapter 4, we considered value iteration using functional value functions. I anticipate

that functional value functions can also be used in methods for large-scale problems with a

symbolic strategy, therefore extending the applicability of the state-augmentation approach.

The main difficulty is how to manage the complexity of functional value functions.

6.2.3 Extensions

Utility functions are elicited from human decision makers to be used by autonomous agents

acting on their behalf. It is often the case that we can determine the form of utility functions,

but only with imprecise parameters. In this case, a research topic is to study the sensitivity

of optimal plans with respect to these imprecise parameters, and to develop methods for

planning with imprecise utility functions.

Reinforcement learning is the problem for an agent to learn how to act by acting in

the environment and receiving feedbacks. Using MDPs as the formal model, reinforcement

learning methods can be viewed as online versions of planning methods, and do not assume

that the dynamics of the agent’s interaction with its environment is known. On the other

hand, the current state is often only partially known in real-world planning problems. Such

problems are captured by partially observable MDP (POMDP) models. Extensions for

reinforcement learning and POMDPs under MEU objectives therefore constitute one more

step towards solving real-world planning problems.
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6.3 Future Work: Long Term

In the long term, I am interested in building autonomous agents that are able to act intel-

ligently and provide valuable services to people in a complex environment involving uncer-

tainty while taking into account the preference structures of their human users. Besides risk

attitudes, there are other aspects that affect the preference structures of human users, such

as the tradeoff among multiple types of rewards, and the requirement of achieving goals.

In real applications, the decision maker often trades off different resources, such as

product quality and cost in business situations, or energy and time for robot navigation on

Mars. Executing actions then results in reward tuples. In this case, preference structures

can usually be captured by multi-attribute utility functions, and the planning objective is

to maximize the expected multi-attribute utility.

Many planning problems require the agent to achieve some desired goal, which can be

predefined goal states or temporally extended goals. Goals are very important in classical

AI planning but not in decision-theoretic planning, since the latter uses rewards exclusively

in its planning objectives. Although in some problems, the rewards can be assigned so

that a plan maximizing the expected reward (or utility) also achieves the goal. But this

is not the case in general. On the other hand, people often prefer a plan that guarantees

goal achievement if only a small amount of the expected reward (or utility) is sacrificed.

Therefore we need a more thorough study of planning tasks that require goal achievements.

All these aspects, and likely more, need to be taken into consideration when building

usable planning systems including decision support systems for real-world applications such

as e-commerce or planetary rovers. This thesis takes a first step towards building such plan-

ning systems by integrating ideas from artificial intelligence planning, operations research,

and utility theory. Our results showed that it is promising that complex human prefer-

ence structures, such as risk attitudes, can be incorporated into decision-theoretic planning

without compromising too much of their efficiency.
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